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Abstract 

Over 29 million Americans (9.3%) are affected by type 2 diabetes (T2D). T2D is 

characterized by the body not producing enough insulin and not responding to the insulin 

that it does produce resulting in high blood glucose. Common complications associated 

with T2D include cardiovascular disease (CVD), nephropathy or end-stage kidney 

disease (ESKD), and cognitive decline. CVD is the most common complication with up 

to 65% of individuals with T2D dying due to CVD. Individuals with T2D are 2 – 4 times 

more likely to die due to CVD causes than those without T2D. Several explanations as to 

why individuals with T2D have an increased risk for CVD have been proposed. These 

include: high glucose independent of other risk factors, the atherogenic profile of 

diabetes (i.e. dyslipidemia, hypertension, obesity, etc.) often termed the “common soil” 

hypothesis, or that it is common genetic risk factors that contribute to both T2D and 

CVD. However, none of these adequately explain the increased risk. This thesis 

attempts to explain the genetic causes of T2D and complications including CVD in 

individuals with T2D. It also explores a possible biochemical link between T2D and CVD. 

Within this thesis, the contribution of the Haptoglobin gene (HP) to T2D and a 

range of diabetic complications were assessed. In the Diabetes Heart Study (DHS) HP 

was investigated for a possible association with T2D and CVD. This was expanded to a 

population of African Americans where HP was investigated for association with T2D 

and ESKD. A more global genetic assessment of diabetic CVD was performed in the 

DHS. This study extended results seen in a recent genome-wide association study 

(GWAS) meta-analysis to a family-based cohort enriched for individuals with T2D. Using 

genotype data from prior DHS GWAS and exome chip studies, CVD risk single 

nucleotide polymorphisms (SNPs) and genes were investigated for risk with diabetic 

CVD. Finally, advanced glycation end products (AGEs) were investigated as a potential 

biochemical link between T2D and diabetic complications. AGEs were measured 
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through enzyme-linked immunosorbant assay (ELISA) in the DHS and were investigated 

with a range of CVD, kidney function, and cognitive function traits to see if they play a 

part in the observed increased risk for complications. In addition, genetic associations 

with AGEs were investigated through a GWAS and exome chip analyses. 

The work presented here explores potential genetic and biochemical causes of 

complications that are common in T2D. The results from this thesis broaden our 

knowledge of risk factors for T2D and diabetic complications. 
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Chapter I 

Introduction 

 The overall objective of this thesis was to explore and identify potential genetic 

and biochemical causes of type 2 diabetes (T2D) and major complications of T2D. 

Several diseases occur more frequently in individuals with T2D than in the general 

population. We attempt to ascertain why this is the case. This work investigates a range 

of genetic polymorphisms to determine if they increase the risk of complications in 

individuals with T2D. We also focus on a class of biochemicals that could be a potential 

biochemical link between T2D and diabetic complications. In order to understand this 

research and the basis for it, an in depth review of the literature in multiple areas is 

required. In this section I will review T2D, cardiovascular disease (CVD), subclinical 

CVD, and end-stage kidney disease (ESKD). I will then review a number of methods 

used to investigate these diseases including advanced glycation end products (AGEs), 

the haptoglobin gene, family studies, admixture, and deoxyribonucleic acid (DNA) 

methylation. 

Type 2 Diabetes 

Diabetes is a metabolic disease in which the body’s inability to produce any or 

enough insulin causes elevated levels of glucose in the blood. Type 1 diabetes (T1D) 

also known as insulin dependent diabetes, is caused by the pancreas producing little or 

no insulin, while type 2 diabetes (T2D) is characterized by the body not producing 

enough insulin and not responding to the insulin that it does produce [Stumvoll, et al. 

2005]. T2D is the most common type of diabetes accounting for 90-95% of all cases of 

diabetes [Centers for Disease Control and Prevention 2014b]. Obesity, older age, and 

family history are some of the risk factors for T2D. Abnormal lipid metabolism, 

inflamation, and hypertension are additional risk factors. Numerous genetic variants can 

also increase your risk for T2D. Diabetes is diagnosed by measurement of either 
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glycated hemoglobin (HbA1c) or plasma glucose tests. An individual can be diagnosed as 

having diabetes if one of the four following criteria are met; HbA1c ≥6.5, fasting plasma 

glucose ≥126 mg/dL, 2-hour plasma glucose ≥200 during an oral glucose tolerance test, 

or if the patient has classic symptoms of hyperglycemia and a random plasma glucose 

≥200mg/dL [American Diabetes Association 2015]. 

As of June 2013, approximately 29.1 million (9.3%) Americans age 18 or older were 

affected by diabetes, while 25.9% of Americans 65 or older were affected [Centers for 

Disease Control and Prevention 2014b]. The prevalence of T2D has been increasing 

over the past few decades. There are racial and ethnic differences in the prevalence of 

diabetes in the US. About 7.6% of non-Hispanic whites are affected while Hispanics and 

non-Hispanic blacks have a prevalence of 12.8% and 13.2%, respectively [Centers for 

Disease Control and Prevention 2014b]. Diabetes has very high morbidity, mortality, and 

monetary cost. Diabetes is the seventh leading cause of death and was mentioned on 

over 234,000 death certificates in 2010 alone, and cost Americans $245 billion in 2012 

[Centers for Disease Control and Prevention 2014b]. The impact of diabetes is even 

larger throughout the world. Three hundred forty-seven million people have diabetes and 

about 1.5 million deaths could be attributed to diabetes in 2012 [World Health 

Organization 2014]. 

Twin studies have shown that T2D is a highly heritable disease with a heritability 

estimate ranging from 30-70% [Hara, et al. 2014].There have been numerous studies 

investigating the genetics of T2D. To date there are more than 70 genetic variants that 

are associated with T2D and another 40 influencing related continuous traits such as 

fasting glucose [Hara, et al. 2014; Kato 2013; Sun, et al. 2014]. This is up from only 

three known variants in 2006. In part this is due to the increase in genome-wide 

association studies (GWAS) [Kato 2013]. However, most of these single nucleotide 

polymorphisms (SNPs) have a very low odds ratio (OR) or effect size of 1.06 – 1.20 with 
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a few exceptions [Kato 2013]. These include the variant with the largest effect which is in 

the gene TCF7L2 (OR=1.58) [Perry, et al. 2012]. Other SNPs with a large effect on T2D 

are in the genes PTPRD (OR=1.57) [Tsai, et al. 2010], TMEM163 (OR=1.56) 

[Tabassum, et al. 2013], FAM135A (OR=1.54) [Sim, et al. 2011], and RND3 (OR=1.33) 

[Palmer, et al. 2012]. Unfortunately, all of these variants together only account for 10% 

to 15% of the heritability of the disease [Rathmann, et al. 2013]. This indicates that there 

are more genetic variants, epigenetic changes, or genetic interactions that increase risk 

for T2D which require additional study. 

Cardiovascular Disease 

Cardiovascular disease (CVD) is a diverse set of disorders of the heart and blood 

vessels. This includes coronary heart disease (CHD), cerebrovascular disease, 

peripheral arterial disease (PAD), rheumatic heart disease, congenital heart disease, 

deep vein thrombosis, and pulmonary embolism [World Health Organization 2015a]. 

Some common manifestations of CVD include heart attack and stroke which are caused 

by blockages of the arteries preventing blood flow. There are a number of risk factors for 

CVD including old age, obesity, abnormal lipid levels, gender, smoking, physical 

inactivity, chronic kidney disease, hypertension, type 2 diabetes, family history, and 

genetics [1999; Mozaffarian, et al. 2014; O'Donnell and Elosua 2008]. Over 85.6 million 

adults in the USA have clinical CVD [Mozaffarian, et al. 2014]. Eighty million of these 

individuals have high blood pressure and approximately 15.5 million have coronary heart 

disease including myocardial infarction (MI), chest pain, and heart failure [Mozaffarian, et 

al. 2014]. CVD is the leading cause of death in the United States. Since 1900, CVD has 

accounted for more deaths than any other cause in each year except for 1918. CVD is 

the underlying cause of death in approximately 1 in 3 US deaths and CVD was 

mentioned in over half of all death certificates in 2011 [Mozaffarian, et al. 2014]. CVD is 

a very costly disease and is responsible for 17% of US healthcare expenditures. In 2010 
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CVD cost the US $272 billion in direct medical costs and an additional $171.7 billion in 

indirect costs such as loss of productivity. These costs are projected to increase to over 

$1 trillion total ($800 billion and over $275 billion respectively), by 2030 [Heidenreich, et 

al. 2011]. Discovering the genetic and epidemiologic causes of CVD is of increasing 

importance to decrease the prevalence and cost of CVD. 

Coronary artery disease (CAD) has been shown to be highly heritable. Men with a 

family history of CAD have a 2.4 fold increased risk and women with a family history 

have a 2.2 fold increased risk [Schildkraut, et al. 1989]. To date there are approximately 

50 SNPs that influence CVD risk [Dandona and Roberts 2014; Roberts 2014a; Roberts 

2014b]. These have been discovered through a number of methods including 

investigating candidate genes, linkage, and GWAS [Bampali, et al. 2014; Kathiresan and 

Srivastava 2012]. Candidate gene studies use an a priori assumption to determine which 

genes to investigate. These led to the discovery that variants in the ACE gene and 

genes that regulate low density lipoprotein (LDL) levels increased risk for CAD [Bampali, 

et al. 2014]. Linkage analysis has been used to identify CVD genes including LDLR 

[Lehrman, et al. 1985], MYH7 [Geisterfer-Lowrance, et al. 1990; Jarcho, et al. 1989], and 

others [Kathiresan and Srivastava 2012]. Recently, however, many of the CVD risk 

SNPs have been discovered by GWAS. There have been over 30 CHD risk variants 

identified using GWAS [Munir, et al. 2014]. One of the most replicated, strongest effect 

regions is on chromosome 9 at 9p21.3 [Munir, et al. 2014]. SNPs at this location have 

been associated with a range of CVD traits including angiographic CAD [Anderson, et al. 

2008], early-onset CAD [Chen, et al. 2009b], severity of coronary atherosclerosis [Chen, 

et al. 2009a], MI [Helgadottir, et al. 2007; Peng, et al. 2009], recurrent myocardial 

infarction (MI) and cardiac death [Buysschaert, et al. 2010], and mortality 

[Muehlschlegel, et al. 2010]. Previous genetic studies in the Diabetes Heart Study have 

not replicated the associations shown in the 9p21 region [Bowden, et al. 2008]. 
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However, even with all of these identified variants, much of the heritability is missing, 

with these variants accounting for only 15%-20%, indicating that there are still factors yet 

to identify. 

Subclinical CVD 

Subclinical CVD is the damage to the cardiovascular system that is present before 

overt, clinical CVD events occur. There are several ways to measure subclinical CVD. 

The measures used in this project include atherosclerosis, lipoprotein levels, and 

inflamation. Arteriosclerosis characterized by irregularly distributed lipid deposits in the 

intima of large and medium-sized arteries causes narrowing of arterial lumens and 

proceeds eventually to fibrosis and calcification [Stary 2000]. There are eight 

classifications of atherosclerosis depending on the progression and histology. The early 

stages are always subclinical while later stages can be subclinical or cause clinical 

events [Stary 2000]. Stage VII is where calcification of the atherosclerosis predominates. 

There are several different measurements of atherosclerosis and thus subclinical CVD. 

These include coronary artery calcified plaque (CAC), carotid artery calcified plaque 

(CarCP), abdominal aorta calcified plaque (AACP), and intima media thickness of the 

common carotid artery (IMT). Calcified plaques can be measured using computed 

tomography (CT) scans and IMT can be measured by B-mode ultrasonography 

[Bowden, et al. 2008]. The three calcified arterial beds are significantly correlated with 

each other and analysis suggests that genetics plays a larger part in this correlation than 

environment [Bowden, et al. 2008]. 

This thesis has focused on subclinical CVD traits because they are a good predictor 

for who will eventually get clinical CVD. These subclinical measurements are highly 

associated with risk for clinical CVD, all-cause mortality, and CVD-cause mortality. 

Individuals with higher levels of CAC are at increased risk for CVD mortality [Agarwal, et 



6 

 

al. 2013; Agarwal, et al. 2011]. We are trying to find who is at high risk and eventually try 

to figure out methods to decease an individual’s risk for CVD. 

 Subclinical CVD and CAC in particular have been the subject of much genetic 

research in recent years. A previous study of CAC performed in the Diabetes Heart 

Study found a significant linkage peak on chromosome 16p [Bowden, et al. 2008]. 

Further fine-mapping found that this peak covered an area encompassing several genes 

including ABCA3, CACNA1H, SEPX1, IL32, CLEC16A, and SOCS1 [Lehtinen, et al. 

2011]. The common CVD locus at 9p21was replicated with CAC in addition to PHACTR1 

[Pechlivanis, et al. 2013]. A GWAS of CAC and aortic calcification found significant 

associations with the 9p21 region, PHACTR, and ADAMTS7 [van Setten, et al. 2013]. 

Additional associations with subclinical CVD were found in MAP4K4 [Miller, et al. 2013], 

SELS [Cox, et al. 2013a], AGT [Joshi, et al. 2013], CDKN2B-AS1 [Kim, et al. 2014], 

among others. Bos et al. showed that a genetic risk score (GRS) composed of CAC 

associated SNPs was associated with calcification in the aorta, extracranial carotid 

arteries, as well as intracranial arteries [Bos, et al. 2013]. Two additional studies found 

that GRS containing lipid associated SNPs were associated with CAC in both a 

population-based study [Tsao, et al. 2012] and a population enriched for T2D [Raffield, 

et al. 2013]. 

 End-Stage Kidney Disease 

 Chronic kidney disease (CKD) is when the kidney becomes damaged and cannot 

filter blood efficiently [Centers for Disease Control and Prevention 2014b]. Without 

treatment CKD can progress to kidney failure, also known as end-stage kidney disease 

(ESKD). Once ESKD is reached, dialysis or kidney transplant is required [Centers for 

Disease Control and Prevention 2014b]. Risk factors for CKD include diabetes, high 

blood pressure, CVD, obesity, abnormal lipid levels, family history, and genetics. 

Diabetes is a major risk factor for developing kidney disease. Just under half of all new 
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kidney failure cases were attributed to diabetes in 2011 [Centers for Disease Control and 

Prevention 2014b]. 

 Chronic kidney disease is defined as a glomerular filtration rate (GFR) ≤60 

mL/min/1.73m2. CKD is split into 5 stages based upon the amount of damage to the 

kidneys, as defined by GFR. Stage 5 is ESKD and is defined by a GFR of 

≤15ml/min/1.73m2. Albuminuria, as defined by the albumin to creatinine ratio (ACR) is 

also used as a marker of kidney damage. Higher levels of ACR are associated with 

progression of kidney damage and CVD [Levey, et al. 2005]. Normal ACR values are 30 

mg/g or lower while values greater than 30 mg/g indicate CKD [National Kidney Disease 

Education Program 2010]. 

 Like T2D and CVD, several methods have been used to detect genetic variants 

associated with kidney disease. These include linkage scans, candidate gene studies, 

and genome-wide association studies. One of the most significant associations with non-

diabetic nephropathy is the APOL1 gene in which the G1 and G2 variants have shown 

increased risk [Genovese, et al. 2010]. NPHS2 has been shown to be linked with non-

diabetic ESKD in African Americans (AA) [Dusel, et al. 2005] and CNDP1 was linked 

and associated with diabetic nephropathy in multiple populations [Bowden, et al. 2004; 

Freedman, et al. 2007; Janssen, et al. 2005; Palmer, et al. 2014; Vardarli, et al. 2002]. 

GWAS has implicated a range of other genes including UMOD, SLC7A9, SASH1, 

RPS12, AUH, and LIMK2-SFI1 among others [Chambers, et al. 2010; Kottgen 2010; 

McDonough, et al. 2011]. 

Diabetes Patients have Increased Levels of CVD and Kidney Disease 

 There are numerous T2D comorbidities. These include CVD, ESKD, cognitive 

decline, retinopathy, neuropathy, and others. CVD is the most common complication 

associated with T2D. Diabetes is recognized as an independent risk factor for clinical 

CVD [Bowden, et al. 2010]. Individuals affected by T2D have 1.5 times higher 
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hospitalization rates for stroke, a 1.8 times higher hospitalization rate for heart attack, 

and a 1.7 times higher CVD death rate than those without T2D [Centers for Disease 

Control and Prevention 2014b]. The World Health Organization reports a multinational 

study showed that 50% of individuals with T2D died due to CVD [World Health 

Organization 2015b]. Subclinical CVD is also increased in individuals with T2D. 

Atherosclerosis development and progression is accelerated in T2D [Wagenknecht, et 

al. 2001]. 

 In addition to increased risk for CVD, individuals with T2D also have increased 

risk for CKD and ESKD. One in 10 Americans are affected by CKD [National Institute of 

Diabetes and Digestive and Kidney Diseases 2012]. However, one in three individuals 

with T2D will develop CKD [Centers for Disease Control and Prevention 2014a]. 

Diabetes accounts for 44% of all new cases of kidney failure in the United States 

[Centers for Disease Control and Prevention 2014a]. 

 While it is well known and established that individuals with T2D have increased 

risk for CVD and ESKD, the mechanism for this increased risk is still poorly understood. 

In the following sections I will discuss several possible contributors to diabetes and 

diabetes related complications. Understanding this increased risk and the mechanisms 

of it are important for better disease treatment and prevention. 

Advanced Glycation End Products 

Advanced glycation end products (AGEs) are a group of molecules which are formed 

through the non-enzymatic glycation and oxidation of proteins, lipids, and nucleic acids 

[Thorpe and Baynes 2003]. AGEs are formed through the Maillard reaction, which is the 

non-enzymatic glycation of molecules (mostly proteins). The Maillard reaction was first 

described in 1912 [Hanssen, et al. 2014] and has been investigated both in the body and 

in cooking since the 1950s [1950; Tarr 1953]. AGEs can be formed exogenously through 

the browning of bread, browning of meat, and smoking [Cerami, et al. 1997; Edeas and 
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Robert 2010]. AGEs are also naturally produced in the body. Levels of AGEs are closely 

tied to blood glucose levels with higher glucose levels leading to higher AGE levels. AGE 

endogenous formation results from the binding of a sugar molecule with a protein 

[Bodiga, et al. 2014]. This forms what is known as a Schiff base [Piarulli, et al. 2012]. 

This is a rapid and reversible step [Hegab, et al. 2012]. Over a few weeks, various 

molecular rearrangements occur and the Schiff base becomes an Amadori product 

which is more stable. One common Amadori product is glycated hemoglobin or HbA1c 

[Bodiga, et al. 2014]. HbA1c can be used as a measure of glycemia for the preceding 6 to 

12 weeks. However, AGEs are more long lasting and can reflect glycemia over a longer 

period [Singh, et al. 2001]. Over the following weeks and months, Amadori products 

undergo oxidation, dehydration, and/or cyclization reactions which convert them into 

insoluble, irreversible compounds called advanced glycation end products [Piarulli, et al. 

2012]. These AGEs can accumulate on long-lived proteins and cause damage [Piarulli, 

et al. 2012]. 

AGEs have a variety of biological functions. AGEs can cause crosslinking of 

proteins, such as collagen, which can lead to vascular and ventricular stiffening [Prasad, 

et al. 2012] and basement membrane thickening [Piarulli, et al. 2012]. In addition AGEs 

in collagen can trap molecules such as lipoproteins, immunoglobulin, fibrin, and albumin. 

This can cause complement activation as well as the formation of “foam cells” which can 

cause tissue damage [Piarulli, et al. 2012]. They can also bind to lipoproteins which 

promotes oxidation of LDL, a risk factor for atherosclerosis formation and progression 

[Rabbani, et al. 2011]. Glycated LDL can also cause a reduction of nitric oxide 

production in addition to decreasing the clearance of LDL [Goldin, et al. 2006]. In rare 

cases AGEs can bind to DNA which increases the risk for mutation. AGEs can cause 

intracellular glycation which can lead to a variety of downstream transcriptional and 

inflamation alterations [Giardino, et al. 1994; Schmidt, et al. 1995]. Most of the biological 
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functions of AGEs occur when they bind to a variety of receptors (most frequently RAGE 

or the Receptor for AGEs). RAGE is a member of the immunoglobulin super family of 

receptors [Neeper, et al. 1992]. There are several additional known AGE receptors 

including macrophage scavenger receptor Types I and II, oligosaccaharyl transferase-48 

(AGE-R1), 80K-H phosphoprotein (AGE-R2) and galectin-3 (AGE-R3) [Stitt, et al. 1997]; 

however, these are less well-characterized. The binding of AGEs to RAGE has a 

number of downstream effects. These include the induction of oxidative stress when the 

RAGE proteins are on endothelial cells which can activate NF-κB and VCAM-1 [Schmidt, 

et al. 1995; Wautier, et al. 1994; Yan, et al. 1994]. When AGEs bind to RAGE on 

monocytes, chemotaxis is induced [Schmidt, et al. 1993]. In smooth muscles AGE-

RAGE binding increases cellular proliferation [Vlassara, et al. 1994]. 

AGEs have been shown to be associated with a wide range of diseases including 

Alzheimer’s [Vitek, et al. 1994], retinopathy [Singh, et al. 2001], CKD [Leurs and 

Lindholm 2013], and pulse pressure [Schram, et al. 2005]. However, most associations 

with AGEs have been with diabetic CVD. Multiple studies have shown AGEs to be 

increased in individuals with diabetes [Bodiga, et al. 2014; Fukushima, et al. 2013; 

Hanssen, et al. 2013; Hegab, et al. 2012]. In diabetes, AGE binding to RAGE reduces 

tissue protein degradation and can lead to impaired tissue remodeling [Piarulli, et al. 

2012]. In addition, AGEs play a large role in the formation and progression of arterial 

atherosclerosis [Kiuchi, et al. 2001]. AGEs have been shown to be a predictor of 

cardiovascular and coronary mortality in women with T2D [Kilhovd, et al. 1999]. AGE 

concentrations have been seen to be increased in T2D affected individuals with ischemic 

heart disease [Ahmed, et al. 2007]. In addition, the severity of coronary artery 

atherosclerosis in T2D patients is correlated to AGE concentration [Hegab, et al. 2012]. 

Previously, a single report has shown that AGEs have a heritable component. The 

heritability of Nε-carboxymethyl lysine (CML) was found to be h2 = 0.74 in healthy, 
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female dizygotic and monozygotic twins [Leslie, et al. 2003]. There are few prior genetic 

studies of AGEs. Most have focused on a single gene AGER which codes for the most 

common AGE receptor known as RAGE. One study found that the S allele of rs2070600 

(Gly82Ser) and rs1800625 (C allele) were associated with increased AGEs [Bansal, et 

al. 2013]. A second study found the opposite association from the first. Jang et al. 

showed that individuals with the G/G genotype at rs2070600 had increased levels of 

AGEs [Jang, et al. 2007]. One other gene was reported to contain a variant that was 

associated with AGE levels. A SNP (rs8052394) in the gene Metallothionein 1A (MT1A) 

that was found to be associated with AGE levels [Giacconi, et al. 2014].  

Haptoglobin 

Haptoglobin (HP) is an acute-phase freely circulating protein that is produced in the 

liver that binds to free hemoglobin (Hb) [Langlois and Delanghe 1996]. During an 

infection this acts to prevent iron uptake by microbes. It also functions by stabilizing the 

heme group thereby limiting oxidative damage caused by the heme iron [Bunn and Jandl 

1966]. HP also acts as an antioxidant independent of its actions on the heme iron 

[Tseng, et al. 2004]. HP is a more effective antioxidant than probucol which is a 

commonly used antioxidant drug [Mao, et al. 1994]. When HP binds to Hb the complex is 

removed from circulation and the iron in the heme is recovered and reused [Graversen, 

et al. 2002]. This prevents iron loss and renal damage. Additional functions have been 

attributed to the HP protein including inhibition of nitric oxide [Edwards, et al. 1986; 

Langlois and Delanghe 1996], inhibition of prostaglandin synthesis [Langlois and 

Delanghe 1996], angiogenesis [Cid, et al. 1993; Cockerill, et al. 1995], and interactions 

with leukocytes [Langlois and Delanghe 1996]. 

While there are a number of different alleles of the haptoglobin gene, there are two 

common alleles in humans known as HP 1 and HP 2 [Levy, et al. 2010] leading to three 

possible genotypes, HP 1-1, HP 1-2, and HP 2-2. HP 2 appears to have arisen as a 
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result of a nonhomologous crossover between two forms of HP 1, HP 1F and HP 1S 

genes less than 100,000 years ago [Maeda and Smithies 1986; Maeda, et al. 1984]. The 

ancestral form of the HP protein (HP 1-1) forms a dimer. Individuals with the HP 1-2 

genotype show longer chains of the HP monomers. This can include dimers of the HP 1 

protein, trimers consisting of two HP 1 proteins and an HP 2 protein, or longer chains 

with more HP 2 monomers. In HP 2-2 individuals the HP protein forms cyclical polymers 

containing 3 or more monomers [Langlois and Delanghe 1996]. This multimerization is 

due to a duplication of the compliment control protein (CCP) domain which can dimerize 

with other CCP domains [Andersen, et al. 2012]. The two alleles have different 

capabilities in the function of the HP protein. The antioxidant properties of the HP 1-1 

protein were shown to be higher than the HP 1-2 or the HP 2-2 versions [Tseng, et al. 

2004]. HP 1-1 is superior at binding Hb than either HP 1-2 or HP 2-2 [Melamed-Frank, et 

al. 2001]. In addition, the HP 1-1-Hb complex is cleared from circulation by CD163 

scavenger receptors more rapidly than the HP 2-2-Hb complex [Asleh, et al. 2003]. 

When the HP-Hb complex binds to the CD163, anti-inflammatory mediators are 

released. This effect is much larger when the HP 1-1-Hb binds than when the HP 2-2-Hb 

complex binds [Guetta, et al. 2007]. 

HP has been associated with multiple diseases. Haptoglobin has been shown to be 

associated with cancer [Frohlander and Stendahl 1988], depression [Maes, et al. 1994], 

retinopathy [Koda, et al. 2002], and rheumatoid arthritis [Dahlqvist and Frohlander 1985]. 

HP 1-2 and HP 2-2 are associated with increased risk for diabetic nephropathy (both 

T1D and T2D). Individuals with the HP 2-2 phenotype have a greater risk of developing 

macroalbuminuria [Nakhoul, et al. 2007; Nakhoul, et al. 2001]. Three studies have 

shown that the HP genotype can influence risk for T2D. The HP 1 allele was shown to 

increase risk in Mexican Americans [Stern, et al. 1986], in Africans from Ghana the HP 

2-2 phenotype was shown to confer risk [Quaye, et al. 2006], and in Chinese the HP 2-2 
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genotype was shown to increase risk [Shi, et al. 2012]. However, most associations 

have been with CVD, specifically diabetic CVD. In a population-based study containing 

7.5% diabetes affected individuals, it was shown that people with the HP 1-1 phenotype 

had an increased risk of CHD mortality [De Bacquer, et al. 2001]. Similar findings were 

seen in the Framingham Heart Study where individuals with the HP 1-1 genotype had 

increase prevalent CHD [Levy, et al. 2004]. Findings in the Strong Heart Study showed 

that individuals with HP 2-2 had greatly increased risk of having a CVD risk than those 

with either HP 1-1 or HP 1-2 [Levy, et al. 2002]. Individuals with the HP 1-1 phenotype 

were shown to have a decreased risk of 30 day mortality after an acute MI [Suleiman, et 

al. 2005]. Thus, there is considerable lack of clarity of the genetic relationship of 

haptoglobin variants and common diseases.  

Family Studies – Diabetes Heart Study 

Family studies are studies in which the participants are members of families. 

These families can range from sibling pairs to trios (two parents and a child) to studies 

that have large pedigrees, e.g. 30 people. Family studies can be very useful to help 

identify and determine the impact of rare variants [Henkin, et al. 2003]. 

A large number of family studies have been conducted, prominent among these 

are the Framingham Offspring Study [Kannel, et al. 1979], the Strong Heart Family 

Study [North, et al. 2002], the National Heart, Lung and Blood Institute Family Heart 

Study [Higgins, et al. 1996], the Insulin Resistance Atherosclerosis – Family Study 

[Henkin, et al. 2003], and, relevant to this dissertation, the Diabetes Heart Study. 

The Diabetes Heart Study (DHS) is a family-based study that was started to 

study the genetic and epidemiological causes of CVD. The DHS is a unique study in the 

fact that it is a family study that is enriched for T2D. Recruitment was based on siblings 

concordant for T2D [Bowden, et al. 2008]. Additional affected and unaffected family 

members were recruited as well. In this study T2D was defined as a clinical diagnosis of 
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diabetes after 34 years of age with the absence of diabetic ketoacidosis [Bowden, et al. 

2008]. A total of 1442 individual from 564 families were recruited and over 83% of who 

were affected by T2D at time of recruitment. This included both European Americans 

(EA) and African Americans (AA) [Bowden, et al. 2010]. These individuals were 

extensively phenotyped, including interviews for medical history and health behaviors, 

anthropometric measures, resting blood pressure, fasting blood sampling, and a urine 

collection. Laboratory analysis included urine albumin and creatinine, blood lipid levels, 

HbA1c, and fasting blood glucose [Wagenknecht, et al. 2001]. CAC, CarCP, and AACP 

were measured using single and multidetector cardiac CT systems. High resolution B-

mode ultrasonography was used to measure the IMT of the common carotid artery 

[Bowden, et al. 2008]. Additional subclinical CVD traits were measured including heart 

size (biventricular volume) and electrocardiogram (ECG) measured using a 12-lead 

electrocardiography [Bowden, et al. 2010]. A detailed medical history was taken 

emphasizing CVD history and included diet and physical activity. 

The DHS MIND study is an ancillary study from the DHS to investigate the 

effects of diabetes and subclinical CVD on brain structure and cognitive measures. 

Participants from the original DHS were reexamined on average 6.7 ± 1.5 years after 

their initial visit. Participants of the DHS MIND study were administered a number of 

cognitive tests including the Digit Symbol Substitution Test (DSST), the Modified Mini-

Mental State Examination (3MSE), the Stroop test, the Rey Auditory-Verbal Learning 

Test (RAVLT), and the Controlled Oral Word Association Test (COWA) [Hugenschmidt, 

et al. 2013]. In addition to cognitive exams, participants were given a neuroimaging 

examination. During this process, grey matter, white matter, and cerebrospinal fluid 

volume were measured. These measures were used to calculate intracranial volume 

(ICV), total brain volume (TBV), grey matter volume (GVM), and white matter volume 
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(WMV). Cerebral blood flow, mean diffusivity (MD), fractional anisotropy (FA), and white 

matter lesion volume (WMLV) were also measured [Raffield, et al. 2014]. 

Admixture 

Admixture is the addition of new lineages into a population caused by individuals 

from two or more previously separated populations interbreeding. African Americans are 

an example of an admixed population. On average, AA ancestry is 80% African and 20% 

European. Generally, populations descended from Africa have greater genetic 

heterogeneity and smaller linkage disequilibrium (LD) blocks than younger populations 

from Europe, Asia, and the Americas [Campbell and Tishkoff 2008; Cooper, et al. 2008; 

Jakobsson, et al. 2008]. This can complicate genetic research by causing differences in 

allele frequencies between ancestral and admixed populations. This can either mask 

true associations or create false association [Cooper, et al. 2008; Keene, et al. 2008; 

Long 1991; Tian, et al. 2008]. There are a couple of ways to measure admixture. One 

way is to calculate percent genetic background using ancestry informative markers 

(AIMs). AIMs are variants that have a large allele frequency difference between 

populations. Once AIMs are genotyped in individuals, programs such as FRAPPE [Tang, 

et al. 2005] or STRUCTURE [Pritchard, et al. 2000] can be used to determine ancestry 

proportions. A second method of determining ancestry is through principal components 

(PCs). PC analysis uses a multivariate analysis to reduce dimensionality by calculating 

eigenvectors. The eigenvectors summarize the variation in the data set while preserving 

as much individual variation as possible [Jolliffe 2005]. Often one or more PCs strongly 

correlate with ancestry. In order to account for ancestry in genetic analyses, ancestry 

proportions from AIMs or population-based variation based on PCs are included as 

covariates in the analysis. 

DNA Methylation 
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DNA methylation is the addition of a methyl group to a cytosine, often at a CpG 

(cytosine-phosphate-guanine) site. These are important epigenetic markers that provide 

a means of reversibly marking DNA [Jones 2012; Schubeler 2015]. DNA methylation is 

highly influenced by the environment [Zaina, et al. 2014]. This can include diet, physical 

exercise, weight management, smoking, and environmental contaminants and toxins 

[Lim and Song 2012; Marsit 2015]. While methylation doesn’t alter the sequence of 

nucleotides, it can alter the function of various regions in the genome. DNA methylation 

can have a wide range of effects including increasing or decreasing gene expression, 

genomic imprinting, gene silencing, altering DNA stability, and affecting the binding of 

DNA and proteins [Jaenisch and Bird 2003; Li, et al. 1993; Velasco, et al. 2010]. Most 

CpG islands (CGI) at transcription start sites are not methylated, however, promoters 

with methylated CGI generally have a long-term repressed state. This repression can 

last over the full lifetime [Jones 2012]. Increased methylation at promoters with no CGI 

also correlates with decreased expression [Gal-Yam, et al. 2008]. The role of gene 

methylation is more complex and appears to be tissue and gene specific. It appears that 

it is both the presence (or absence of methylation) along with the genomic and cellular 

interpretation of methylation that regulates transcription [Jones 2012]. DNA methylation 

also appears to have an influence on regulatory sites (enhancers and insulators). It has 

been suggested that increased methylation results in reduced activity of enhancers 

[Schmidl, et al. 2009]. It is also possible that methylation affects transcription factor 

binding [Schubeler 2015]. 

 DNA methylation can be measured in a variety of ways. One method is through 

conventional bisulfite sequencing [Frommer, et al. 1992]. In this method, DNA is 

linearized, denatured, and neutralized. The DNA is then incubated with sodium bisulfite 

and hydroquinone. This converts all unmethylated cytosines into uracils. The sodium 

bisulfite is then removed and ammonium acetate is added. This deaminates the uracils 
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and converts them to thymines. This process is followed by DNA amplification and 

conventional sequencing. This process can inform whether or not a cytosine is 

methylated, but not the percent of methylation. Since the same site in different cells can 

be either methylated or not, often times you want to know the percentage of methylation. 

This can be achieved by using either pyrosequencing or DNA methylation microarray 

chips. Pyrosequencing is a method that uses sequencing by synthesis [Ronaghi, et al. 

1998]. This process is based upon detecting nucleotide incorporation into the 

synthesized DNA strand. When a base is incorporated a phosphate is released. This 

phosphate is then used by a luciferase enzyme to produce light which is detected by the 

machine [Ronaghi, et al. 1998]. This process allows for a quantitative analysis of the 

percent of cytosines that are methylated at a specific site [Colella, et al. 2003; Tost, et al. 

2003]. A third method of determining DNA methylation is through the use of microarray 

chips [Gitan, et al. 2002; Hatada, et al. 2002; Yan, et al. 2002]. Microarray chips give you 

a very specific amount of methylation at each site, similar to pyrosequencing. 

 DNA methylation has been associated with a number of diseases and traits. 

Increased methylation of the ABCG1 gene is associated with decreased levels of high 

density lipoprotein (HDL) and triglycerides (TG). Hypermethylation at this site was also 

present in cases of MI compared to controls. Several additional methylation sites were 

found to be associated with blood lipid levels [Pfeifferm, et al. 2015]. In atherosclerosis, 

the genome is extensively hypermethylated [Zaina, et al. 2014]. In addition there are a 

number of differentially methylated sites (between atherosclerotic arteries and normal 

arteries) that overlap known atherosclerosis SNPs and genes that function in arteries 

[Zaina, et al. 2014]. Increased methylation of the GCK gene is associated with T2D while 

decreased methylation is associated with CHD [Tang, et al. 2014; Xu, et al. 2014]. 

Individuals with albuminuria have increased global methylation compared to those 
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without [Maghbooli, et al. 2014]. DNA methylation can lead to cancer by leading to 

somatic and germline mutations [Rideout, et al. 1990]. 

Objectives/Hypotheses 

 The overall goal of this study was to gain further insight into the origin of diabetes 

complications. This objective was approached in a number of ways. First, we 

investigated genetic risk of T2D and diabetic complications. These complications 

included ESKD, cognitive function, and CVD. The second objective was to elucidate the 

biochemical link between T2D and CVD. We hypothesize that AGEs are the causal link 

between the high blood glucose of T2D and CVD events and mortality through 

subclinical CVD, specifically CAC. 

In the first project (Chapter II) we examined the effect of the common HP 

duplication on T2D, CVD, and CVD-related traits in EA. This project was performed in 

the DHS. In Chapter III we expanded this investigation to a cohort of AA. In this project 

we investigated a potential association with T2D and ESKD. 

The second project sought to expand upon results seen in a pair of studies 

performed by the CHARGE Consortium. These studies performed GWAS of CAC, MI, 

and IMT in a population-based cohort. We investigated their significant results to 

determine if there was any overlap when looking in a population that is enriched in T2D 

affected people (the DHS). 

Finally, in the third project we investigated AGEs. In Chapter V we performed the 

first GWAS of AGEs. We looked at candidate genes and expanded to common and low 

frequency coding SNPs. This study was performed in a subset of the DHS. In Chapter VI 

we investigated various epidemiological associations with AGEs. We attempted to 

determine whether AGEs are a potential biochemical link between T2D and CVD. This 

was performed in the DHS MIND cohort. 
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Abstract 

Background 

Haptoglobin (HP) is an acute phase protein that binds to freely circulating 

hemoglobin. HP exists as two distinct forms, HP 1 and HP 2. The longer HP 2 form has 

been associated with cardiovascular (CVD) events and mortality in individuals with type 

2 diabetes (T2DM).  

Methods 

This study examined the association of HP genotypes with subclinical CVD, 

T2DM risk, and associated risk factors in a T2DM-enriched sample. Haptoglobin 

genotypes were determined in 1208 European Americans (EA) from 473 Diabetes Heart 

Study (DHS) families via PCR. Three promoter SNPs (rs5467, rs5470, and rs5471) were 

also genotyped. 

Results 

Analyses revealed association between HP 2-2 duplication and increased carotid 

intima-media thickness (IMT; p=0.001).  No association between HP and measures of 

calcified arterial plaque were observed, but the HP polymorphism was associated with 

triglyceride concentrations (p=0.005) and CVD mortality (p=0.04). We found that the HP 

2-2 genotype was associated with increased T2DM risk with an odds ratio (OR) of 1.49 

(95% CI 1.18-1.86, p= 6.59x10-4). Promoter SNPs were not associated with any traits. 

Conclusions 

This study suggests association between the HP duplication and IMT, 

triglycerides, CVD mortality, and T2DM in an EA population enriched for T2DM. Lack of 

association with atherosclerotic calcified plaque likely reflect differences in the 

pathogenesis of these CVD phenotypes. HP variation may contribute to the heritable risk 

for CVD complications in T2DM. 

Keywords 
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Haptoglobin, Genetic polymorphism, Cardiovascular Disease, Type 2 Diabetes 

Introduction 

Cardiovascular disease (CVD) is one of the major complications associated with 

type 2 diabetes mellitus (T2DM). As of 2011, 25.8 million Americans had diagnosed 

T2DM [2011].  More than 50% of individuals with T2DM had coronary heart disease, 

stroke, or cardiac disease [Bowden, et al. 2010]. T2DM is an independent risk factor for 

development of CVD with the relative risk of CVD mortality of 2.1 in men and 4.9 in 

women, relative to non-T2DM affected individuals [1999; Kannel and McGee 1979]. 

There is increasing evidence that genetic and environmental factors contribute to this 

risk.  

Haptoglobin (HP) is a 54 kilodalton (kDa) protein, found abundantly in the serum 

[Langlois and Delanghe 1996; Levy, et al. 2010]. The HP gene has two major alleles: HP 

1, (containing five exons) and HP 2, (containing seven exons) which likely arose from a 

duplication event involving exons 3 and 4, producing a 61 kDa protein [Levy, et al. 2010]. 

In its ancestral form, HP is a dimer, however, the HP 1-2 encoded protein exists as 

linear polymers containing 2-8 monomers, while the HP 2-2 encoded protein exists as 

circular polymers of 3-10 Hp monomers [Levy, et al. 2010]. The expanded 

polymerization in the HP 1-2 and HP 2-2 genotypes is due to the duplication of the 

multimerization domain in exon 3 [Levy, et al. 2010]. Genotype frequencies vary in 

different ethnicities. In European Americans (EA) they have been reported as 16% HP 1-

1, 48% HP 1-2, and 36% HP 2-2 [Langlois and Delanghe 1996]. 

HP may prevent oxidative damage through mechanisms including stabilization of 

the heme iron within hemoglobin (Hb) [Bunn and Jandl 1966]. The HP-Hb complex is 

rapidly removed from circulation via CD163 mediated endocytosis by hepatic Kupfer 

cells [Graversen, et al. 2002]. The HP 1-1 protein is both more efficient than HP 2-2 at 

preventing oxidation caused by the heme iron [Schaer, et al. 2006] and is internalized 



22 

 

and cleared from circulation more rapidly; with half-lives of approximately 20 minutes 

and 50 minutes for HP 1-1-Hb and HP 2-2-Hb respectively [Asleh, et al. 2008; Asleh, et 

al. 2003].  Binding of the HP-Hb complex to CD163 induces the production of several 

cytokines and anti-inflammatory mediators [Melamed-Frank, et al. 2001; Schaer, et al. 

2006] with a much larger production of anti-inflammatory mediators induced by HP 1-1 

compared to HP 2-2 [Guetta, et al. 2007; Quaye 2008].  

HP has been implicated in both T2DM and T2DM-associated CVD [Asleh and 

Levy 2005; Levy 2004]. In the latter context the binding of HP to apolipoprotein A1 

(ApoA1) has also been reported [Spagnuolo, et al. 2005]. HP binds to ApoA1 in the 

same location as lecithin-cholesterol acyltransferase (LCAT), subsequently decreasing 

LCAT activity and therefore limiting high density lipoprotein (HDL) maturation. This 

inhibits reverse cholesterol transport causing HDL to become proatherogenic 

[Spagnuolo, et al. 2005]. In addition, the tethering of Hb to HDL via the HP-ApoA1 allows 

the oxidation of HDL and its acquisition of proatherogenic and proinflammatory 

properties [Watanabe, et al. 2007]. Due to the multimerization of the HP 2 protein, 

individuals with the HP 2-2 genotype have significantly more HP attached to HDL via 

ApoA1 increasing these properties [Asleh, et al. 2008]. 

Due to the striking differences in properties of the HP 1 and HP 2 proteins, 

several studies have investigated the impact of the HP phenotype on CVD risk. There 

have been differing results when examining different populations and different outcomes. 

Studies investigating incident CVD in individuals affected by T2DM show an increased 

risk with the HP 2-2. One study [Levy, et al. 2002] found that individuals with T2DM and 

the HP 2-2 genotype had increased risk for CVD events. In addition, Suleiman et al. in 

2005 [Suleiman, et al. 2005] found that individuals with T2DM and the HP 1-1 phenotype 

had decreased 30-day mortality and heart failure after acute myocardial infarction 

compared to individuals with the HP 2-2 phenotype, again suggesting the HP 2-2 
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phenotype as the risk phenotype. This association was not seen in individuals without 

T2DM. Indeed similar observations have been made in type 1 diabetes; Simpson et al. 

[Simpson, et al. 2011] found that in individuals with type 1 diabetes the HP 2-2 genotype 

predicted coronary artery calcification progression, a measure of subclinical CVD.  In 

contrast, in cohorts where rates of T2DM are low or individuals with T2DM excluded,  the 

HP 1-1 genotype has been shown to be associated with an increased risk for mortality 

due to coronary heart disease [De Bacquer, et al. 2001]. Similarly, in the Framingham 

offspring study, the HP 1-2 or HP 2-2 phenotypes were associated with decreased rates 

of prevalent CHD [Levy, et al. 2004].   

The HP duplication has also been examined for association with T2DM. The role 

of HP in regulation of inflammation suggests a potential role in T2DM pathogenesis. 

There are several studies showing that the HP duplication was associated with T2DM 

risk in different populations [Quaye, et al. 2006; Stern, et al. 1986]. 

Thus, the relationship between HP polymorphism and CVD in T2DM-affected 

individuals is likely complex and association with T2D risk has been documented to a 

limited degree. Based on these prior studies we hypothesized that if the HP 2-2 

genotype is associated with CVD events in people with T2DM, then a similar association 

would likely be observed with measures of subclinical CVD in predominately T2DM-

affected populations. We have taken advantage of the richly phenotyped Diabetes Heart 

Study [Bowden, et al. 2008] (DHS) sample with measures of coronary artery calcification 

(CAC; or calcified plaque), carotid wall intima-medial thickness (IMT), and blood lipid 

traits to investigate this hypothesis. Further, the DHS provides a base from which to 

investigate whether the HP locus is directly associated with T2DM risk. 

METHODS 

Subjects 
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The DHS is a study of the genetic and epidemiological causes of CVD in 

individuals with T2DM. Ascertainment, recruitment, and examination have been 

previously described in detail [Bowden, et al. 2008]. Briefly, siblings concordant for 

T2DM and without serious health conditions, e.g. renal replacement therapy, were 

recruited. T2DM was defined as diabetes developing after 35 years of age, treatment 

with insulin and/or oral agents and absence of historical evidence of ketoacidosis. If 

available, additional non-T2DM affected siblings were recruited simultaneously using 

criteria above to exclude T2DM. The 1208 DHS EA individuals used in this analysis were 

from 473 families. 

Clinical evaluation 

The protocols for this study were approved by the Institutional Review Board at 

Wake Forest School of Medicine; written informed consent was received prior to 

participation. Examinations were conducted in the General Clinical Research Center of 

the Wake Forest Baptist Medical Center, and included interviews for medical history and 

health behaviors, anthropometric measures, resting blood pressure, 

electrocardiography, fasting blood sampling and spot urine collection. Individuals 

reported history of prior CVD based on prior event (angina, myocardial infarction, stroke) 

and/or intervention (coronary angiography, coronary artery bypass grafting, carotid 

endarterectomy). CAC, carotid artery calcified plaque (CarCP) and infra-renal abdominal 

aortic calcified plaque (AACP) were measured using fast-gated helical CT scanning, and 

calcium scores calculated as previously described and reported as an Agatston score 

[Carr, et al. 2000; Carr, et al. 2005]. Carotid IMT was measured by high-resolution B-

mode ultrasonography with a 7.5-MHz transducer and a Biosound Esaote (AU5) 

ultrasonography machine (Biosound Esaote, Inc., Indianapolis, IN) as previously 

described [Lange, et al. 2002]. All measurements were not available for all participants.  

Mortality 
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Vital status was determined from the National Social Security Death Index 

maintained by the United States Social Security Administration. For participants 

confirmed as deceased, length of follow-up was determined from data of the initial study 

visit to date of death. For deceased participants, copies of death certificates were 

obtained from relevant county Vital Records Offices to confirm cause of death. For all 

other participants the length of follow-up was determined from the date of the initial study 

visit to January 1, 2011. Cause of death was categorized based on information 

contained in death certificates as CVD-related (myocardial infarction, congestive heart 

failure, cardiac arrhythmia, sudden cardiac death, peripheral vascular disease, and 

stroke) or cancer, infection, end-stage renal disease, accidental, or other (including 

obstructive pulmonary disease, pulmonary fibrosis, liver failure and Alzheimer’s 

dementia). 

Genotyping 

Genomic DNA was purified from whole-blood samples obtained from subjects 

using the PUREGENE DNA isolation kit (Gentra Systems., Minneapolis, MN). DNA was 

quantitated using standardized fluorometric readings on a Hoefer DyNA Quant 200 

fluorometer (Hoefer Pharmacia Biotech, Inc., San Francisco, CA). Each sample was 

diluted to a final concentration of 20 ng/μL. HP duplication genotyping was performed 

using paired polymerase chain reactions (PCR). PCR primers, reaction and cycling 

conditions were performed as described previously by Koch et al. [Koch, et al. 2002] for 

10 µL reactions containing 45-60 ng DNA and primers at final concentrations of 0.8 µM 

for the HP 1 and 0.6 µM for the HP 2. 

PCR products from the two reactions were combined (10 μL of the HP 1 product 

with 5 μL of the HP 2 PCR product) and resolved on a 1% agarose gel (Figure 1) which 

was visualized by staining with 1.4% ethidium bromide and the images captured using 

an Alpha Imager (Alpha Innotech, San Leandro, CA). Haptoglobin genotypes were 
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called independently by two investigators (JNA and AJC) with 100% concordance 

between calls. Genotyping also included a total of 29 blind duplicates to allow for 

evaluation of genotyping accuracy. The concordance rate for these blind duplicates was 

100%. 

HP promoter polymorphism genotyping 

In addition to the classical HP 1 and HP 2 variants, three single nucleotide 

polymorphisms (SNPs), rs5467, rs5470, and rs5471, located in the promoter region of 

HP and previously reported to be associated with circulating HP, were genotyped in the 

DHS. Genotyping was performed using the Sequenom MASS ARRAY genotyping 

system (Sequenom, San Diego, CA) and PCR primers were designed using the MASS 

ARRAY Assay Design 3.4 Software (Sequenom). These SNPs are in low linkage 

disequilibrium (LD) with each other or with the HP duplication (r2 ≤0.03) (see 

Supplemental Figure 1). An additional 41 quality control samples were included in the 

genotyping analysis to serve as blind duplicates. The concordance rate for these blind 

duplicates was 100%. The minimum acceptable call frequency for all SNPs was 95%. 

The average call frequency was 98.4±0.001% (mean ± SD). Samples with genotyping 

efficiency rates <90% were excluded from further analysis. 

T2DM-affected cases and controls for analysis of T2DM risk 

An additional 606 EA T2DM cases and 985 EA non-T2DM affected controls from 

an independent study of EA T2DM [Bento, et al. 2008; Lewis, et al. 2010] were 

genotyped for the HP duplication using the PCR method described above. Thirty-one 

additional quality control samples were included as blind duplicates. The concordance 

rate for these samples was 100%. For analysis we combined HP data for unrelated 

T2DM cases from DHS (n=473) with T2DM cases from the independent T2DM case 

sample for a total of 1079 cases. These data were evaluated for association with HP 

genotypes contrasting with controls without T2DM (n=985).  
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Statistical analysis 

HP allele frequencies were calculated for a sub-set of unrelated individuals and 

departure from Hardy-Weinberg equilibrium (HWE) was calculated from a group of 

unrelated samples using a chi-squared goodness-of-fit test. Association between the HP 

genotypes and subclinical CVD measures was examined using variance component 

methods computed using SOLAR v. 4.3.1 (Texas Biomedical Research Institute, San 

Antonio, TX, USA). Each trait was examined using additive, dominant, and recessive 

models of inheritance.  Continuous variables were transformed prior to analysis to 

approximate conditional normality. Age, gender, and T2DM-affection status were used 

as covariates in analysis of quantitative traits. Additional covariates (smoking, 

hypertension, C-reactive protein, lipid medication use, hypertension medication use, and 

T2DM duration) were also evaluated, but did not impact the results. Analyses were 

repeated in the subset of the population that was affected by T2DM. Statistical 

significance was accepted at p<0.05. The program SNPGWA 

(http://www.phs.wfubmc.edu/public_bios/sec_gene/downloads.cfm)  was used to test for 

associations between HP and T2DM risk comparing individuals affected with T2DM 

(DHS T2DM-affected unrelated individuals [n=473] and EA T2DM-affected individuals 

[n=606]) to the EA non-T2DM affected controls (n=985). Covariates used in this analysis 

were age, gender, and body mass index (BMI). Analyses included samples that had 

genotype and all covariate data. 

Results 

Characteristics of the DHS sample are summarized in Table I including the mean 

trait values for the overall sample and for each HP genotype group. Briefly, the mean 

age of the sample was 61.5 years; 1013 individuals (83.86%) were T2DM-affected and 

slightly more than 50% (643) were female. Overall, the characteristics of the DHS 

sample are representative of T2DM-affected patients in the general population.  
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HP duplication genotypes were determined for 1208 individuals (Table I). The 

genotype frequencies were 13.9% HP 1-1, 41.8% HP 1-2, and 44.3% HP 2-2 and were 

consistent with Hardy-Weinberg proportions.  

CVD associations 

HP duplication data was analyzed for association with multiple CVD measures, 

risk factors, and outcomes: calcified plaque (CAC, CarCP, and AACP), carotid IMT, 

lipids, prevalent CVD and mortality. The HP duplication was associated with carotid IMT 

(p=0.001, Table II). We did not, however, observe a significant association of HP with 

measures of vascular calcification: CAC, CarCP or AACP (Table II). There did not 

appear to be any discernable trend of increased calcification in the mean trait values by 

genotype for any of the three arterial beds (Table I). Additional analyses performed in 

T2DM-affected individuals alone, revealed similar results (data not shown). 

A total of 471 (39.0%) individuals in the DHS have a self-reported history of prior 

CVD. This included 72 individuals (42.9%) for HP 1-1, for HP 1-2 genotype 191 (37.8%), 

and for HP 2-2, 208 (38.98%). However, prevalent CVD was not associated with the HP 

duplication (p=0.23-0.94; Table II). 

The HP 2 allele was associated with serum triglyceride concentrations (p=0.005; 

Table II). With each additional copy of the HP 2 allele, triglyceride concentrations 

decreased and were on average 10.3 mg/dL lower with the HP 2-2 genotype (Table I). In 

addition, the HP 2 allele was not associated with all-cause mortality (p=0.17); however, it 

was nominally associated with CVD mortality (p=0.04; Table II). Results were essentially 

unchanged when analyses were repeated in T2DM affected individuals only (see 

Supplemental Table I). 

HP promoter polymorphisms 

 SNPs rs5467, rs5470, and rs5471 were genotyped based on prior reports that 

they were associated with HP protein concentrations [Grant and Maeda 1993; Maeda 
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1991]. Each SNP was in Hardy-Weinberg equilibrium. Minor allele frequencies (MAF) 

were 19.2% for rs5467, 0.04% for rs5470, and 0.08% for rs5471. None of these HP 

SNPs were associated with any of the subclinical CVD traits, CVD risk factors, events, or 

mortality ascertained in the current study (see Supplemental Table II). 

HP polymorphism and T2DM risk 

Table III contains the clinical demographics of the T2DM case and control 

samples. This sample was ascertained and recruited independently from the DHS, but 

using the same diagnostic criteria for T2DM diagnosis and has been the basis for prior 

genetic studies of T2DM [Bento, et al. 2008; Lewis, et al. 2010]. Briefly, the mean age of 

the T2DM-affected case sample was 65.2 ± 9.9 years compared to 53.8 ±15.0 for the 

non-T2DM controls. Fewer than 50% (n=299) of cases and greater than 63% (n=628) of 

the controls were female.  

For all T2DM cases, genotype frequencies were 14.1% HP 1-1, 43.4% HP 1-2, 

and 42.5% HP 2-2. In non-T2DM controls, genotype frequencies were 15.8% HP 1-1, 

50.1% HP 1-2, and 34.1% HP 2-2 (Table III). Genotype frequencies in both samples 

were consistent with Hardy-Weinberg proportions. Individuals with the HP 2-2 genotype 

were found to be more likely to have T2DM (recessive model OR: 1.49; 95% CI: 1.18-

1.86; p=6.59x10-4). Similar to the DHS analysis of CVD, there was no evidence of 

association of T2DM risk with HP promoter SNPs in the DHS (data not shown).  

Discussion 

This study evaluated association of HP gene polymorphisms with subclinical 

CVD, mortality, and T2DM in 1208 EA individuals from the DHS. The HP 2-2 genotype 

was associated with increased carotid IMT (p=0.001, Table I) in this T2DM enriched 

population. However, we did not observe significant evidence of association between HP 

genotype and calcified plaque as a different measure of subclinical CVD. An association 

with triglyceride concentrations was also observed; the HP 2-2 genotype was associated 
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with lower concentrations. The biological mechanism for this latter association is as of 

yet, unknown. We also observed suggestive evidence for association of the HP 

duplication polymorphism with CVD related mortality in the DHS. In addition, we found 

that the HP 2-2 genotype was associated with T2DM status (OR: 1.49; 95% CI: 1.18-

1.86; p=6.59x10-4). 

Several prior studies have investigated HP polymorphisms and CVD risk in 

T2DM. In 2002 Levy et al. [Levy, et al. 2002] reported an OR of CVD events in diabetes 

five times greater with the HP 2-2 phenotype, than with HP 1-1 in a study that included 

206 CVD patients and 206 CVD controls (146 and 93 were affected by T2DM, 

respectively, as part of the Strong Heart Study). In 2004, a subsequent study by Levy et 

al. [Levy, et al. 2004] included 3273 individuals in the Framingham Heart Study, however 

only a subset of 433 individuals were affected with T2DM, and of these, only 86 had a 

history of prevalent CVD. Finally, a 2003 study in individuals with acute myocardial 

infarction (AMI) reported individuals with T2DM and the HP 2 allele had increased 

mortality following AMI compared to individuals with T2DM and the HP 1-1 genotype 

(included only 224 T2DM-affected individuals) [Suleiman, et al. 2005]. In the present 

study we detected modest evidence of association with carotid IMT, but did not strongly 

replicate association with history of prior CVD and only nominally with CVD mortality. 

Parenthetically, IMT and measures of vascular calcification are not highly correlated 

[Bowden, et al. 2008]. The DHS is predominately comprised of T2DM-affected subjects 

(1013 of 1208 participants). Our primary measures were the subclinical measures of 

CVD, CAC and IMT which may not be as strongly influenced by HP polymorphism. Of 

the DHS subjects, 435 were T2DM-affected participants with a history of prevalent CVD, 

based upon self-reported history and prior intervention which was not associated with 

HP genotype. The analysis with CVD mortality, a firm endpoint, suggests a possible 

contribution to risk.  Given the association of the HP 2-2 genotype with risk for mortality, 
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it is possible that a survival bias may be present. However, genotype frequencies were 

consistent with Hardy-Weinberg equilibrium. In addition, the genotype frequencies of the 

HP duplication in this study were similar to those reported previously [Langlois and 

Delanghe 1996]. 

In prior reports, two promoter SNPs, rs5470 and rs5471 were associated with 

altered levels of HP expression [Grant and Maeda 1993; Maeda 1991] with rs5471 

reported to be associated with the Haptoglobin 1-2 modified (HP 1-2mod) phenotype. In 

individuals with the rs5471 “C” allele and the HP 1-2 genotype, normal expression levels 

of the HP 1 protein, but decreased levels of HP 2 have been reported [Grant and Maeda 

1993]. It has been suggested that the decreased levels of HP 2 lead to greater oxidative 

stress [Cox, et al. 2007]. We did not observe evidence of association for these three 

genotyped HP SNPs genotyped (rs5467, rs5470, and rs5471) with measures of 

subclinical CVD, history of CVD, or mortality. One possible explanation is the low MAF 

for both rs5470, and rs5471 (0.0004 and 0.0008 respectively). The combination of the 

HP 1-2 and the rs5471 SNP has been reported in approximately 10% of African 

Americans [Grant and Maeda 1993], but we are unaware of reports of the frequency of 

the HP 1-2mod phenotype in other populations. In this study there were no minor allele 

homozygotes for rs5471, nor rs5471 heterozygotes with the HP 1-2 genotype; as such, 

the Haptoglobin 1-2 modified phenotype is unlikely to have confounded the HP 

associations described here. In addition, in LD analysis (see Supplemental Figure 1) 

these two SNPs were in low LD with the HP duplication. Thus these two promoter SNPs 

along with rs5467 probably do not have an impact on CVD or T2DM status. However, 

there are other SNPs that are known to impact circulating HP concentrations (e.g. 

rs2000999) [Froguel, et al. 2012] that we did not genotype in the current study which 

may also contribute to the variance in HP and its role in CVD risk. The lack of measured 



32 

 

HP concentrations in the DHS and the inability to further control for these additional 

genetic variants is one limitation of this work.  

Several previous studies have investigated the effect of the HP polymorphism on 

T2DM risk. A previous study by Stern et al. in 1986 [Stern, et al. 1986] found that the HP 

1 allele was associated diabetes risk in Mexican Americans. They found that a single 

copy of the HP 1 allele increased T2DM risk by 50% and a second copy increased risk 

by 100%. A second report from 2006 by Quaye et al. [Quaye, et al. 2006] found that the 

HP 2-2 phenotype was a risk factor for T2DM in a population in Ghana. The current 

study had a larger sample size than either of the two previous studies, albeit in a 

different ethnicity. In this study it was found that EA individuals with the HP 2-2 genotype 

are more likely to have T2DM with an OR of 1.49. These studies, when combined 

suggest that HP is a risk gene for diabetes or is in LD with a risk gene. Several studies 

have shown that the different alleles lead to different levels of circulating HP protein [De 

Bacquer, et al. 2001; Froguel, et al. 2012]. Higher circulating HP has been suggested to 

be associated with metabolic syndrome, high blood pressure, and elevated glucose 

[Hamalainen, et al. 2012]. This could possibly explain the association of the HP 

polymorphism with T2DM.  Different risk alleles across populations are problematic as it 

could be difficult to assess risk across different populations. 

Importantly, the T2DM association may be difficult to further investigate without 

subsequent data generation since the duplication is not included in the major, publically 

available, databases. Furthermore, any subsequent studies will require a targeted 

phenotyping approach either through analysis of HP in serum or genotyping through 

fragment size analysis as performed in this study, since the duplication is not captured 

by the current commercially available genome-wide genotyping platforms and does not 

appear to be tagged by other common polymorphisms [Froguel, et al. 2012] . A genome-

wide association study (GWAS) analysis has been performed in the DHS and LD was 
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analyzed for the HP duplication and the two SNPs on the GWAS chip that are closest to 

the duplication (rs16973636 and rs2287998). The SNPs were found to have low LD with 

the duplication with an r2 of ≤0.01 (data not shown). 

Conclusions 

Overall, we detected limited association of haptoglobin polymorphisms with CVD. 

The HP 2-2 genotype was found to be positively associated with carotid IMT and the HP 

2 allele was associated with decreased serum triglyceride concentrations. We identified 

an association with T2DM in EAs that has not been reported previously [Nakagawa, et 

al. 2008; Ryndel, et al. 2010; Wobeto, et al. 2011]. Further studies are needed to extend 

and replicate these relationships. 
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Table I. Demographic Characteristics of DHS Samples, Including HP Duplication Genotypes  
 

DHS Demographics 
  HP Genotypes 
 Total 1/1 1/2 2/2 

Number 1208 168 505 535 
Age (years) 61.5±9.35 62.5±9.36 61.2±9.34 61.5±9.36 
Female (%) 643 (53.2) 87 (51.8) 274 (54.3) 282 (52.7) 
BMI (kg/m2) 31.8±6.49 31.9±6.27 32.1±6.81 31.4±6.23 
Affected (%) 1013 (83.9) 134 (79.8) 431 (85.4) 448 (83.7) 

Diabetes duration (years) 10.41±7.1 10.95±7.9 10.15±7.24 10.49±6.86 
Metabolic Syndrome (%) 1029 (85.2) 140 (83.3) 434 (85.9) 455 (85.1) 

Glucose (mg/dL) 139.4±55.5 139.7±58.8 142.3±56.7 136.7±53.1 
HbA1c (%) 7.29±1.7 7.13±1.57 7.31±1.78 7.32±1.78 

C-reactive protein (mg/dl) 0.59±0.97 0.54±0.81 0.60±1.05 0.59±0.94 
Hypertension (%) 1025 (84.85) 141 (83.93) 422 (83.56) 462 (86.36) 

Smoking (%) 708 (58.85) 96 (57.49) 285 (56.55) 327 (61.47) 
Lipid medication (%) 540 (44.7) 76 (45.24) 221 (43.76) 243 (45.42) 

Anti-hypertensive medication (%) 747 (61.84) 101 (60.12) 324 (64.16) 322 (60.19) 
CAC 1662.5±3160.7 1679.1±2449.8 1607.2±3001.5 1708.5±3492.3 

CarCP 312.9±672.1 276.2±522.5 292.8±610.8 343.3±762.4 
AACP 10949.3±15748.8 12628.86±16231.1 9781.9±14236.0 11458.1±16775.3 

IMT (mm) 0.676±0.134 0.677±0.136 0.665±0.129 0.686±0.139 
Cholesterol (mg/dL) 186.8±42.4 187.5±46.2 187.7±43.4 185.8±40.3 

LDL (mg/dL) 105.1±32.7 104.0±35.3 103.3±30.8 107.1±33.5 
HDL (mg/dL) 43.1±12.5 43.5±14.4 43.3±12.7 42.7±11.6 

Triglycerides (mg/dL) 201.4±132.1 212.8±162.3 208.8±133.7 190.9±119.2 
History of CVD (%) 471 (38.99) 72 (42.86) 191 (37.82) 208 (38.88) 

Non-CVD Mortality (%) 122 (10.10) 19 (11.31) 49 (9.70) 54 (10.09) 
CVD Mortality (%) 100 (8.28) 11 (6.55) 34 (6.73) 55 (10.28) 

 

Data shown are mean ±SD, unless specified otherwise.
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Table II. Association Result for the HP Duplication with Measures of Subclinical CVD and Blood Lipids 

 
HP Duplication – CVD Association Results 

 
 Additive Dominant Recessive 

N β±SE p-value β±SE p-value β±SE p-value 
CAC 1134 0.022±0.097 0.82 -0.025±0.135 0.85 0.135±0.189 0.48 

CarCP 1142 -0.159±0.102 0.12 -0.180±0.142 0.21 -0.255±0.200 0.20 

AACP 865 -0.025±0.102 0.81 -0.117±0.141 0.41 0.141±0.202 0.48 

IMT 1103 -0.008±0.003 0.01 -0.014±0.004 0.001 -0.002±0.006 0.79 

Cholesterol 1188 0.006±0.010 0.53 0.014±0.013 0.28 -0.005±0.019 0.78 

Triglycerides 1188 0.060±0.024 0.01 0.091±0.033 0.005 0.050±0.047 0.28 
Prevalent CVD 1084 -0.033±0.061 0.58 0.006±0.083 0.94 -0.140±0.117 0.23 

All-Cause Mortality 1208 0.063±0.065 0.33 0.123±0.089 0.17 -0.004±0.129 0.98 
CVD Mortality 1208 0.145±0.081 0.07 0.222±0.101 0.04 0.117±0.116 0.47 

 
Associations were examined under additive, dominant and recessive genetic models.  Bold indicates statistical 

significance. CAC: coronary artery calcified plaque; CarCP: carotid artery calcified plaque; AACP: abdominal aortic 

calcified plaque; IMT: carotid intima-media thickness, SE = standard error 
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Table III. Demographic Characteristics of T2DM Case and Non-Diabetic Control Samples, Including HP Duplication 

Genotype Measures  

 

T2DM Demographics 

 
T2DM 
Cases 

DHS T2DM 
Cases 

Total 
T2DM 
Cases 

Non-
diabetes 
controls 

Total 

Number 606 473 1079 985 2064 
Age (years) 65.18±10.45 62.09±8.86 63.79±9.88 53.83±15.03 59.82±13.13 
Female (%) 299 (49.42) 246 (52.01) 545 (50.06) 628 (63.82) 1173 (56.89) 
BMI (kg/m2) 29.65±7.15 32.64±6.53 30.97±7.04 28.35±5.67 29.97±6.67 
Affected (%) 606 (100) 473 (100) 1079 (100) 0 (0.00) 1079 (52.13) 

1/1 Genotype (%) 88 (14.52) 64 (13.53) 152 (14.09) 156 (15.84) 308 (14.92) 
1/2 Genotype (%) 274 (45.21) 194 (41.01) 468 (43.37) 493 (50.05) 961 (46.66) 
2/2 Genotype (%) 244 (40.26) 215 (45.45) 459 (42.53) 336 (34.11) 795 (38.52) 
 
Data shown is mean ±SD unless specified otherwise.
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Figure 1. Gel Picture of HP PCR Products 

Example of HP genotype discrimination using PCR reaction products resolved on a 

1.4% agarose gel with ethidium bromide staining where lanes 1-6 are participant 

samples and lane 7 a DNA molecular weight size ladder. Lane numbers are at the top 

and genotyping call is at the bottom. 
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Supplemental Figure 1. LD of HP Duplication and Promoter SNPs 

LD plot showing r2 between the HP duplication (HPDup) and genotyped promoter SNPs 

(rs5467, rs5470, and rs5471) based on genotypes from the DHS sample. 
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Supplemental Table I. HP Duplication – T2DM CVD Association Results 
 

HP Duplication – T2DM CVD Association Results 

  
Additive Dominant Recessive 

 
N β±SE p-value β±SE p-value β±SE p-value 

CAC 959 0.056±0.104 0.59 -0.010±0.144 0.95 0.244±0.208 0.24 

CarCP 953 -0.166±0.112 0.14 -0.173±0.155 0.26 -0.303±0.224 0.18 

AACP 722 -1.357±3.240 0.68 -4.82±4.48 0.28 4.79±6.53 0.46 

IMT 921 -0.007±0.003 0.04 -0.011±0.005 0.02 -0.004±0.007 0.53 

Cholesterol 994 0.002±0.011 0.82 0.004±0.015 0.79 0.001±0.022 0.95 

Triglycerides 994 0.065±0.026 0.01 0.088±0.036 0.02 0.077±0.054 0.15 

Prevalent CVD 1013 -0.049±0.060 0.42 -0.011±0.083 0.90 -0.175±0.121 0.15 

All-Cause Mortality 1013 0.042±0.073 0.53 0.111±0.099 0.24 -0.062±0.139 0.65 

CVD Mortality 1013 0.129±0.081 0.12 0.213±0.123 0.06 0.067±0.171 0.69 

 

Association results for the HP duplication in the individuals with T2DM-only with measures of subclinical CVD (CAC: coronary 

artery calcified plaque; CarCP: carotid artery calcified plaque; AACP: abdominal aortic calcified plaque; IMT: carotid intima-

media thickness) and blood lipids. Associations were examined under additive, dominant and recessive genetic models.  Bold 

indicates statistical significance. SE = standard error
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Supplemental Table II. HP Promoter SNP – CVD Association Results 

 

HP Promoter SNP – CVD Association Results 

 
rs5467 rs5470 rs5471 

Phenotype β± SE p-value β± SE p-value β± SE p-value 

CAC -0.0205±0.1381 0.87 -3.2709±2.1015 0.11 -2.8275±1.0055 0.12 

CarCP 0.0402±0.1022 0.76 -2.9990±2.2175 0.18 -0.2867±1.5571 0.88 

AACP -0.4375±3.5610 0.91 0.0000±0.0000 1.00 -35.6432±43.8046 0.46 

IMT 0.0020±0.0042 0.63 0.0042±0.0677 0.95 -0.0573±0.0622 0.33 

Cholesterol 0.0016±0.0097 0.89 0.0784±0.2129 0.71 -0.0752±0.1639 0.65 

Triglycerides -0.0532±0.0301 0.08 0.5378±0.5345 0.31 -0.3606±0.4121 0.38 

 

Association analysis of HP promoter SNPs with subclinical CVD (CAC: coronary artery calcified plaque; CarCP: carotid artery 

calcified plaque; AACP: abdominal aortic calcified plaque; IMT: carotid intima-media thickness) and blood lipids. Associations 

were examined under an additive model. SE = standard error.
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Abstract 

Haptoglobin (HP) is an acute phase protein that binds to freely circulating 

hemoglobin. HP assists in the removal of hemoglobin from the circulatory system, thus 

preventing its accumulation in the kidney. This accumulation could lead to kidney 

damage and oxidative damage caused by the heme iron. The HP protein exists as two 

distinct forms, HP 1 and HP 2. The longer HP 2 form arose from a duplication of exons 3 

and 4 and has been associated with cardiovascular disease (CVD) events and mortality 

in individuals with type 2 diabetes (T2D). HP has also been reported to be associated 

with T2D in multiple ethnicities, and with end-stage kidney disease (ESKD) in individuals 

with type 1 diabetes. In this study we investigated the association of the HP duplication 

with T2D and diabetic end-stage kidney disease (DMESKD) in African-

Americans. HP genotyping was performed by PCR amplification using two sets of allele-

specific primers, followed by resolving the products by agarose gel electrophoresis. 

Genotyping was performed in 4589 African American individuals: 2003 with T2D and 

DMESKD, 904 with T2D only, and 1682 controls with neither disease. 

The HP duplication was then analyzed for association with T2D and DMESKD. 

The HP duplication was not associated with T2D in this population (p=0.73). There was 

also no association seen with ESKD (p=0.088) comparing DMESKD individuals to 

controls with neither disease. When comparing individuals with DMESKD to individuals 

with T2D and controls, once again there was no association seen (p=0.074). While there 

may be a trend towards association with the HP duplication and these traits, this study 

suggests that the HP duplication likely does not meaningfully increase T2D or DMESKD 

risk in the African American population. 

Introduction 
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Haptoglobin (HP) is a 54 kilodalton (kDa) protein, found abundantly in the serum 

[Langlois and Delanghe 1996; Levy, et al. 2010]. The HP gene has two major alleles: HP 

1, (containing five exons) and HP 2, (containing seven exons) which likely arose from a 

duplication event involving exons 3 and 4, producing a 61 kDa protein [Levy, et al. 2010]. 

In its ancestral form, HP is a dimer, however, the HP 1-2 encoded protein exists as 

linear polymers containing 2-8 monomers, while the HP 2-2 encoded protein exists as 

circular polymers of 3-10 Hp monomers [Levy, et al. 2010]. The expanded 

polymerization in the HP 1-2 and HP 2-2 genotypes is due to the duplication of the 

multimerization domain in exon 3 [Levy, et al. 2010]. Genotype frequencies vary in 

different ethnicities. In Caucasians from the United States they have been reported as 

14.4% HP 1-1, 48.2% HP 1-2, and 37.4% HP 2-2 [Langlois and Delanghe 1996] which 

are similar to the frequencies reported from a number of European countries. Allele 

frequencies from Ghana are reported at 31.8% HP 1-1, 54.4% HP 1-2, and 13.8% HP 2-

2 [Quaye, et al. 2006], which are similar to reported frequencies from Nigeria, Burundi, 

and Liberia/Ivory Coast [Langlois and Delanghe 1996]. 

The HP duplication has been examined for association with type 2 diabetes 

(T2D) since the role of HP in regulation of inflammation suggests a potential role in T2D 

pathogenesis. There are several studies showing that the HP duplication was associated 

with T2D risk in different populations. One study by Stern et al. in 1986 [Stern, et al. 

1986] found that the HP 1 allele was associated diabetes risk in Mexican Americans. 

They found that a single copy of the HP 1 allele increased T2D risk by 50% and a 

second copy increased risk by 100%. A study performed in northern Chinese reported 

that the HP 2-2 genotype was associated with increased T2D risk [Shi, et al. 2012]. A 

report from 2006 by Quaye et al. [Quaye, et al. 2006] found that the HP 2-2 phenotype 
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was a risk factor for T2D in a population in Ghana. In a study performed in the Diabetes 

Heart Study it was found that European American (EA) individuals with the HP 2-2 

genotype are more likely to have T2D with an OR of 1.49 [Adams, et al. 2013]. These 

studies, when combined suggest that HP is a risk gene for diabetes or is in LD with a 

risk gene although there is a lack of consistency between studies.  

Several studies have investigated the HP duplication with end-stage kidney 

disease (ESKD) and kidney function. One study performed in individuals with type 1 

diabetes (T1D) found an association with the HP 2-2 genotype with ESKD [Orchard, et 

al. 2013]. A second study of individuals with both T1D and T2D found the HP 2 allele 

associated with ESKD [Nakhoul, et al. 2001]. An additional study showed that the HP 2-

2 genotype was associated with estimated glomerular filtration rate (eGFR) decline and 

progression to ESKD [Costacou, et al. 2009]. Based on these prior studies we 

hypothesized that the HP 2-2 genotype is associated with T2D or diabetic end-stage 

kidney disease (DMESKD) and tested this hypothesis in a large African American 

sample informative for both T2D and DMESKD. 

Methods 

Subjects 

Individuals in this study were selected from a previous study investigating 

genome-wide association of type 2 diabetes in African Americans [Palmer, et al. 2012]. 

Briefly, patients with DMESKD were recruited from dialysis facilities. T2D was diagnosed 

in African Americans who reported developing T2D after the age of 25 and who did not 

receive only insulin therapy since diagnosis. In addition, cases had to have at least one 

of the following three criteria for inclusion: a) T2D diagnosed at least 5 years before 

initiating renal replacement therapy, b) background or greater diabetic retinopathy and/or 
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c) ≥100 mg/dl proteinuria on urinalysis in the absence of other causes of nephropathy 

(DMESKD cases). 

Subjects with T2D without evidence of nephropathy were recruited from medical 

clinics, churches, health fairs and community resources. Individuals were unrelated and 

self-described African Americans. Diagnosis of T2D was based on the criteria 

established by the American Diabetes Association Expert Committee: a fasting plasma 

glucose concentration ≥126 mg/dL (7.0 mmol/l) or a 2-h postload value in the oral 

glucose tolerance test ≥200 mg/dL (11.1 mmol/l) on more than one occasion or receiving 

medication for T2D. Unrelated African-American controls without a current diagnosis of 

diabetes or renal disease were recruited from the community and internal medicine 

clinics (controls). 

Recruitment and sample collection procedures were approved by the Institutional 

Review Board at Wake Forest University and informed consent was obtained from all 

study participants. 

Genotyping 

Genomic DNA was purified from whole-blood samples obtained from subjects 

using the PUREGENE DNA isolation kit (Gentra Systems., Minneapolis, MN). DNA was 

quantitated using standardized fluorometric readings on a Hoefer DyNA Quant 200 

fluorometer (Hoefer Pharmacia Biotech, Inc., San Francisco, CA). Each sample was 

diluted to a final concentration of 20 ng/μL. HP duplication genotyping was performed 

using paired polymerase chain reactions (PCR). PCR primers, reaction and cycling 

conditions were performed as described previously by Koch et al. [Koch, et al. 2002] for 

10 μL reactions containing 45–60 ng DNA and primers at final concentrations of 0.8 μM 

for the HP 1 and 0.6 μM for the HP 2. 
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PCR products from the two reactions were combined (10 μL of the HP 1 product 

with 5 μL of the HP 2 PCR product) and resolved on a 1% agarose gel (Figure 1) which 

was visualized by staining with 1.4% ethidium bromide and the images captured using 

an Alpha Imager (Alpha Innotech, San Leandro, CA). Haptoglobin genotypes were 

called independently by two investigators with 100% concordance between calls. 

Genotyping also included blind duplicates to allow for evaluation of genotyping accuracy. 

The concordance rate for these blind duplicates was 100%. 

DNA Methylation Analysis and Age Estimation 

There were some individuals included in this study that were missing a reported 

age. In attempt to include these individuals in the analysis, we measured DNA 

methylation at the ELOVL2 gene and used that to estimate their age. This was possible 

because it has been reported that methylation at this site is highly correlated with age 

[Garagnani, et al. 2012] (See Appendix III). 

Statistical analysis 

The program SAS v. 9.4 (SAS Institute Inc., Carry, NC) was used to test for 

associations between HP and T2D risk comparing individuals affected with T2D (all T2D-

affected (n = 2907] and of T2D only (without ESKD) (n=904) to the non-T2D affected 

controls (n=1682). Additional associations between HP and ESKD risk was run 

comparing individuals affected with ESKD (n = 2003) to all non-ESKD affected 

individuals (n=2540) and to the controls (n=1682). Three association models were run 

using different sets of covariates. All disease associations used model 1 which included 

no covariates. All disease associations also used model 2 which included age, gender, 

body mass index (BMI), and African admixture as covariates. The ESKD v. controls 

analysis also used model 3 which included age, gender, body mass index (BMI), African 
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admixture, and AOLL1 risk status as covariates. Analyses included samples that had 

genotype and all covariate data. Missing covariates (age [after DNA methylation 

estimation], gender, and BMI) were imputed using SAS v. 9.4 (SAS Institute Inc., Carry, 

NC). 

Results 

Table I contains the clinical demographics of the T2D cases, DMESKD cases, 

and control samples. The mean age of the controls was 48±12.5 years, T2D-affected 

case sample was 57.8 ± 12.3, and the average age of the DMESKD cases was 

61.3±10.8 years. Between 54.4% (controls) and 63.7% (T2D cases) of the individuals 

were female. Controls had the lowest BMI (29.7) while T2D cases had the highest 

(33.2). 

Table I also shows the genotype and allele frequencies. Control genotype 

frequencies were 26.7% HP 1-1, 44.9% HP 1-2, and 28.4% HP 2-2. Genotype 

frequencies for the T2D cases were 27.2% HP 1-1, 48.1% HP 1-2, and 24.7% HP 2-2. 

Individuals affected by T2D and ESKD had the following genotype frequencies 29.5% 

HP 1-1, 47.5% HP 1-2, and 23.0% HP 2-2. HP 1-1 allele frequency increased from 

49.1% in the controls to 51.3% in the T2D only cases, and increased again to 53.2% in 

the DMESKD cases. 

HP polymorphism and T2DM risk 

Table II shows the results from the T2D association tests. Two sets of analyses 

were run. The first included all individuals affected with T2D (with and without ESKD) vs. 

the controls. When not adjusting for any covariates HP 1 was significantly associated 

with T2D status in the all T2D analysis (p=0.0022, OR=1.24). However, after adjusting 

for common covariates including age, gender, BMI, and African admixture, there was no 
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longer any association (p=0.12). The second analysis limited the cases to just those that 

were affected by T2D only. No association was seen when limiting the cases to the T2D 

only affected individuals (Table II). 

HP polymorphism and ESKD risk 

Table III shows the results from the ESKD association tests. Once again two sets 

of analyses were run. The first included individuals affected by both T2D and ESKD as 

the cases while the controls included all individuals not affected by ESKD (with or 

without T2D). When not adjusting for any covariates HP 1 was significantly associated 

with ESKD status (p=0.0018, OR=1.14). However, after adjusting for common covariates 

including age, gender, BMI, and African admixture, there was no longer any association 

(p=0.074). The second analysis limited the controls to just those that were not affected 

by either T2D or ESKD. Similar to the last analysis, when not adjusting for covariates a 

significant association was seen (p=0.0007, OR=1.17). However, there was no 

association seen when adjusting for covariates including age, gender, BMI, and African 

admixture (p=0.69) or when adding ApoL1 risk status (0.088) as shown in Table III. 

Discussion 

This study investigated the genetic association of the common haptoglobin 

duplication with type 2 diabetes and end-stage kidney disease in African Americans. 

Prior literature has suggested a potential link between HP genotype and T2D. It has 

been shown that the HP 1 and HP 2 alleles lead to different levels of circulating HP 

protein [De Bacquer, et al. 2001; Froguel, et al. 2012]. Increased levels of HP circulating 

in the blood has been associated with several traits relating to T2D including, metabolic 

syndrome, high blood pressure, and elevated glucose [Hamalainen, et al. 2012]. This 

biological function in addition to the studies showing an association with T2D in Mexican 
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Americans [Stern, et al. 1986], Han Chinese [Shi, et al. 2012], Africans from Ghana 

[Quaye, et al. 2006], and European Americans [Adams, et al. 2013] suggest that HP 

may increase risk for T2D. However, in African Americans, after adjusting for known T2D 

and ESKD risk factors there does not appear to be a link between HP genotype and 

either disease (Table II and Table III). 

While there is evidence in the literature that the HP duplication is a risk variant for 

T2D, the sample size, population ethnicity, and direction of effect are highly variable. In 

1237 Mexican Americans the HP 1 allele was shown to increase risk for T2D [Stern, et 

al. 1986], while in 1275 Han Chinese [Shi, et al. 2012], 195 Africans from Ghana [Quaye, 

et al. 2006], and 2064 European Americans [Adams, et al. 2013] the HP 2 or HP 2-2 

genotype was associated with T2D. The difference in risk allele is an issue as it makes 

assessing risk difficult. This study is the largest known study to date in any ethnicity to 

investigate HP genotype with T2D risk. This provides this study with the greatest ability 

to detect a true association. While the results are different, the allele frequency is similar 

to previously reported African populations [Allison, et al. 1958; Quaye, et al. 2006; van, 

et al. 1963]. 

Similar to T2D, there is evidence in the literature that HP may increase risk for 

ESKD. Three prior studies have found the HP 2 allele or HP 2-2 genotype to be 

associated with ESKD or decreased renal function [Costacou, et al. 2009; Nakhoul, et al. 

2001; Orchard, et al. 2013]. This finding was not replicated in this study. This could be 

due to a number of reasons. First, this study was performed in African Americans while 

each of the previous studies was performed in caucasians (from Israel, Pittsburgh, and 

various North American locations). This ethnicity difference could account for the 

differences seen in the associations. Second, the allele frequency in this study is 
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different than that seen in the previous three studies. In this study the HP 1 allele 

frequency was 51.4%, while in the other studies the HP 1 allele frequency ranged from 

33.2% to 36.7%. Third, in the prior studies most of the individuals were affected by T1D, 

while the current study contained individuals with T2D. The differences in disease 

pathology and progression could account for the difference. Finally, the age of onset of 

ESKD could be influencing the results. Average age of onset for ESKD in individuals 

with T1D is 46 years of age [Rosolowsky, et al. 2011]. The average age of onset in the 

population in this study is 58. While HP may be a risk factor for ESKD in some 

populations, it does not appear to influence risk in African Americans. 
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Table I. Study Demographics 

 Control T2D only DMESKD Total 

N 1682 904 2003 4589 

Age± St. Dev. 48.0±12.5 57.8±12.3 61.3±10.8 56.0±13.1 

BMI± St. Dev. 29.7±7.2 33.2±7.8 30.0±7.2 30.5±7.4 

N Female (%) 915 (54.4) 576 (63.7) 1164 (58.1) 2655 (57.9) 

HP 1-1 (%) 449 (26.7) 246 (27.2) 591 (29.5) 1286 (28.0) 

HP 1-2 (%) 755 (44.9) 435 (48.1) 951 (47.5) 2141 (46.7) 

HP 2-2 (%) 478 (28.4) 223 (24.7) 461 (23.0) 1162 (25.3) 

HP 1 allele% 49.1% 51.3% 53.2% 51.4% 

HP 2 allele% 50.9% 48.7% 46.8% 48.6% 

 

HP – Haptoglobin; BMI – Body Mass Index 
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Table II. Type 2 Diabetes Association Results 

 All T2D v. Controls T2D only v. Controls 

Covariates N Case N Control p-value OR (95% CI) N Case N Control p-value OR (95% CI) 

Model 1 2907 1682 0.0022 1.24 (1.04-1.24) 904 1682 0.18 1.08 (0.97-1.20) 

Model 2 2907 1682 0.12 1.08 (0.98-1.18) 904 1682 0.73 1.02 (0.91-1.16) 

 

Bold – Indicates statistical significance; Model 1 – No covariates; Model 2 – Age, Gender, BMI, and African Admixture; T2D – Type 2 

Diabetes 
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Table III. End-Stage Kidney Disease Association Results 

 DMESKD v. all Non-ESKD DMESKD v. Controls 

Covariates N Case N Control p-value OR (95% CI) N Case N Control p-value OR (95% CI) 

Model 1 2003 2586 0.0018 1.14 (1.05-1.23) 2003 1682 0.0007 1.17 (1.07-1.27) 

Model 2 2003 2586 0.074 1.08 (0.99-1.18) 2003 1862 0.069 1.10 (0.99-1.22) 

Model 3 N/A N/A N/A N/A 1980 1643 0.088 1.10 (0.99-1.22) 

 

Bold – Indicates statistical significance; Model 1 – No covariates; Model 2 – Age, Gender, BMI, and African Admixture; Model 3 – 

Model 2 + ApoL1 risk status; ESKD – End-Stage Kidney Disease 
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Abstract  

Background 

Type 2 diabetes mellitus (T2DM) is a major cardiovascular disease (CVD) risk 

factor. Identification of genetic risk factors for CVD is important to understand disease 

risk. Two recent genome-wide association study (GWAS) meta-analyses in the Cohorts 

for Heart and Aging Research in Genomic Epidemiology (CHARGE) consortium 

detected CVD-associated loci.  

Methods 

Variants identified in CHARGE were tested for association with CVD phenotypes, 

including vascular calcification, and conventional CVD risk factors, in the Diabetes Heart 

Study (DHS) (n=1208; >80% T2DM affected). This included 36 genotyped or imputed 

single nucleotide polymorphisms (SNPs) from DHS GWAS data. 28 coding SNPs from 

14 top CHARGE genes were also identified from exome sequencing resources and 

genotyped, along with 209 coding variants from the Illumina HumanExome BeadChip 

genotype data in the DHS were also tested. Genetic risk scores (GRS) were calculated 

to evaluate the association of combinations of variants with CVD measures.  

Results 

After correction for multiple comparisons, none of the CHARGE SNPs were 

associated with vascular calcification (p<0.0014). Multiple SNPs showed nominal 

significance with calcification, including rs599839 (PSRC1, p=0.008), rs646776 

(CELSR2, p=0.01), and rs17398575 (PIK3CG, p=0.009). Additional COL4A2 and 

CXCL12 SNPs were nominally associated with all-cause or CVD-cause mortality. Three 

SNPs were significantly or nominally associated with serum lipids: rs3135506 (Ser19Trp, 

APOA5) with triglycerides (TG) (p=5x10-5), LDL (p=0.00070), and nominally with high 
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density lipoprotein (HDL) (p=0.0054); rs651821 (5’UTR, APOA5) with increased TGs 

(p=0.0008); rs13832449 (splice donor, APOC3) associated with decreased TGs 

(p=0.0015). Rs45456595 (CDKN2A, Gly63Arg), rs5128 (APOC3, 3’UTR), and 

rs72650673 (SH2B3, Glu400Lys) were nominally associated with history of CVD, 

subclinical CVD, or CVD risk factors (p<0.010). From the exome chip, rs3750103 

(CHN2, His204Arg/His68Arg) with carotid intima-medial thickness (IMT) (p=3.9X10-5), 

and rs61937878 (HAL, Val549Met) with infra-renal abdominal aorta calcified plaque 

(AACP) (p=7.1X10-5). The unweighted GRS containing coronary artery calcified plaque 

(CAC) SNPs was nominally associated with history of prior CVD (p=0.033; OR=1.09). 

The weighted GRS containing SNPs was associated with CAC and myocardial infarction 

(MI) was associated with history of MI (p=0.026; OR=1.15).  

Conclusions 

Genetic risk factors for subclinical CVD in the general population (CHARGE) 

were modestly associated with T2DM-related risk factors and CVD outcomes in the 

DHS. 

Keywords Coronary artery calcified plaque, Type 2 Diabetes Mellitus, Cardiovascular 

Disease, Genetic Risk Score 

Introduction 

Type 2 diabetes mellitus (T2DM) is a major public health concern throughout the 

world. T2DM risk factors include gender, family history, smoking, abnormal lipid 

metabolism, and genetics [O'Donnell and Elosua 2008]. T2DM is associated with several 

comorbidities, including retinopathy, nephropathy, and especially cardiovascular disease 

(CVD) .  
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CVD is a major complication of T2DM. An individual’s risk for CVD is two to four 

times greater if they have T2DM relative to an individual not affected by T2DM [1999; 

Kannel and McGee 1979]. In 2007, heart disease was noted on the death certificates of 

68% of individuals with diabetes [Bowden, et al. 2010]. Diabetes is an independent CVD 

risk factor, with relative risk for CVD-associated mortality 2.1 for men and 4.9 for women 

compared to those not affected by T2DM [1999; Kannel and McGee 1979]. There is 

increasing evidence that both genetic and environmental factors contribute to this risk.  

CVD risk can be assessed in many ways. A widely used measure of subclinical 

CVD is coronary artery calcified plaque (CAC) assessed by computed tomography (CT) 

imaging. CAC is a powerful predictor of all-cause and CVD-related mortality [Agarwal, et 

al. 2013; Bowden, et al. 2010; Bowden, et al. 2008]. Calcified atherosclerotic plaque 

(CP) can also be measured in the carotid artery (CarCP) and infra-renal abdominal aorta 

(AACP). Another widely used measure is thickness of the intima media layer of the 

carotid arteries (IMT) [Bowden, et al. 2008]. Importantly, CAC and IMT appear to capture 

different aspects of CVD [Agarwal, et al. 2013]. 

Identification of heritable risk factors for CVD and other complications of T2DM 

are important to improve our understanding of an individual’s risk. An extensive genetic 

analysis of CVD in the general population was recently performed in the Cohorts for 

Heart and Aging Research in Genomic Epidemiology (CHARGE) consortium [Bis, et al. 

2011; O'Donnell, et al. 2011]. These studies consisted of genome-wide association study 

(GWAS) meta-analyses identifying loci associated with CAC, myocardial infarction (MI), 

and IMT. These studies identified multiple CVD associated loci. However, less than 10% 

of the CHARGE samples were affected by T2DM. In the present study, the relevance of 

the CHARGE results were tested in a T2DM-enriched sample from the Diabetes Heart 
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Study (DHS), where more than 80% of subjects had T2DM [Bowden, et al. 2010; 

Bowden, et al. 2008]. 

Methods 

Subjects 

The DHS evaluates the genetic and epidemiological causes of CVD in individuals 

with T2DM. Ascertainment, recruitment, and examination have been described in detail 

[Bowden, et al. 2008]. Briefly, siblings with T2DM and without advanced nephropathy 

were recruited, with unaffected siblings also recruited when possible. T2DM was defined 

as diabetes developing after 35 years of age, with initial treatment using a combination 

of, exercise and/or oral agents, not solely insulin, and in the absence of historical 

evidence of ketoacidosis. Diabetes diagnosis was confirmed upon entrance to the study 

by measurement of fasting glucose and glycated hemoglobin (HbA1C) testing. The 1,208 

European American individuals included in this analysis were from 473 families.  

Clinical Evaluation 

Study protocols were approved by the Institutional Review Board at Wake Forest 

School of Medicine. Participants provided written informed consent prior to participation. 

Examinations were conducted in the General Clinical Research Center of the Wake 

Forest Baptist Medical Center and included interviews for medical history and health 

behaviors, anthropometric measures, resting blood pressure, electrocardiography, 

fasting blood sampling for laboratory analyses (blood lipid profile, fasting glucose, 

HbA1C, and high-sensitivity C-reactive protein (CRP)) and spot urine collection. 

Individuals were considered hypertensive if they were prescribed anti-hypertensive 

medication or had blood pressure measurements exceeding 140 mmHg (systolic) or 90 

mmHg (diastolic). 
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CAC, CarCP, and AACP were measured using fast-gated helical CT scanning, 

and calcium scores were computed as previously described and reported as Agatston 

scores [Carr, et al. 2000; Carr, et al. 2005]. IMT was measured by high-resolution B-

mode ultrasonography with a 7.5-MHz transducer and a Biosound Esaote (AU5) 

ultrasonography machine (Biosound Esaote, Inc., Indianapolis, IN) as previously 

described [Lange, et al. 2002]. Not all measurements were available in all participants. 

Vital status was determined from the National Social Security Death Index 

maintained by the United States Social Security Administration. For those participants 

confirmed as deceased, length of follow-up was determined from date of the initial study 

visit to date of death [Agarwal, et al. 2013; Agarwal, et al. 2011]. For deceased 

participants, copies of death certificates were obtained from relevant county Vital 

Records Offices to confirm cause of death. For all other participants the length of follow-

up was determined from the date of the initial study visit to the December 31, 2012. 

Causes of death were categorized based on information contained in death certificates 

as CVD-related (myocardial infarction, congestive heart failure, cardiac arrhythmia, 

sudden cardiac death, peripheral vascular disease, and stroke) or either cancer, 

infection, end-stage renal disease, accidental, or other (including obstructive pulmonary 

disease, pulmonary fibrosis, liver failure and Alzheimer’s dementia). 

DHS GWAS and Imputed Data 

Genomic DNA was purified from whole-blood samples obtained from subjects 

using the PUREGENE DNA isolation kit (Gentra Systems., Minneapolis, MN). DNA was 

quantitated using standardized fluorometric readings on a Hoefer DyNA Quant 200 

fluorometer (Hoefer Pharmacia Biotech, Inc., San Francisco, CA). Each sample was 

diluted to a final concentration of 5 ng/μL. 
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A GWAS was completed using the Affymetrix Genome-wide Human SNP Array 

5.0 (Affymetrix, CA, USA) as reported [Cox, et al. 2013b]. Genotype calling was 

completed using the BRLLM-P algorithm in Genotyping Console v4.0 (Affymetrix). 

Samples failing to meet an intensity quality control (QC) threshold and those failing to 

meet a minimum acceptable call rate of 95% were excluded from further analyses (n=7). 

An additional 39 samples were included as blind duplicates within the genotyping set to 

serve as QC samples; the concordance rate for these blind duplicates was 99.0 ± 0.72% 

(mean ± standard deviation (SD)). Exploratory analyses of genotype data were 

performed using PLINK v1.07 (http://pngu.mgh.harvard.edu/purcell/plink/) and samples 

with poor quality genotype calls, gender errors, or unclear/unexpected sibling 

relationships were excluded from further analysis. Exclusion criteria for single nucleotide 

polymorphism (SNP) performance included call rate <95% (n=11,085), Hardy-Weinberg 

Equilibrium (HWE) p-value <1x10-6 (n=332), and minor allele frequency (MAF) <0.01 

(n=57,382); 371,951 SNPs were retained for analysis. 

Additional genotype data were obtained by imputation from the GWAS. 

Imputation of 1,000 Genomes Project SNPs was completed using the program 

IMPUTE2 (http://mathgen.stats.ox.ac.uk/impute/impute_v2.html) and the Phase I v2, 

cosmopolitan (integrated) reference panel, build 37 [Howie, et al. 2009]. SNPs that were 

used for imputation were required to have low missingness and show no significant 

departure from HWE expectations. To maximize the quality of imputation, the samples 

were not pre-phased. Only imputed SNPs with a confidence score >0.90 and information 

score >0.50 were used.  

Individual SNP Genotyping 
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For those genes implicated in the CHARGE meta-analyses as potential risk loci, 

exonic variants contained in the National Heart Lung and Blood Institute Grand 

Opportunity Exome Sequencing Project (NHLBI GO-ESP). Coding SNPs identified as 

possibly damaging or probably damaging by PolyPhen2 [Adzhubei, et al. 2010] with a 

minor allele frequency (MAF) less than 0.2 were selected for genotyping. Fourty-four 

single nucleotide polymorphisms (SNPs) from 17 genes were genotyped in the DHS. 

Genotyping was performed using the Sequenom MASS ARRAY genotyping system 

(Sequenom, San Diego, CA) and PCR primers were designed using the MASS ARRAY 

Assay Design 3.4 Software (Sequenom). An additional 41 quality control (QC) samples 

were included in the genotyping analysis to serve as blind duplicates. The concordance 

rate for the blind duplicates was 100%. For all SNPs the minimum acceptable call 

frequency was 95%. The average call frequency was 97.3±0.009% (mean ± SD). 

Samples with genotyping efficiency rates <90% were excluded from further analysis. 

Twenty-eight SNPs from 14 genes were carried forward to analysis after QC. Genotyped 

SNPs are listed in Supplemental Table I. 

Exome Chip 

Additional SNPs for those genes implicated in the CHARGE meta-analyses as 

potential risk loci were also identified as captured by the Illumina® HumanExome 

BeadChip (Illumina® Inc., San Diego, CA) for which genotype data was available in the 

DHS. For DHS Exome Chip data, genotype calling was completed using Genome Studio 

Software v1.9.4 (Illumina). Samples failing to meet a minimum acceptable call rate of 

98% (n=3) were excluded from further analyses. An additional 58 samples were included 

as blind duplicates within the genotyping set to serve as QC samples; the concordance 

rate for blind duplicates was 99.9 ± 0.0001% (mean ± SD). Exclusion criteria for SNP 
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performance included call rate <99% (n=972), monomorphic SNPs (n=157,754) and 

Hardy-Weinberg Equilibrium p-value <1x10-6 (n=26); 88,483 SNPs were retained for 

analysis. Additional QC of Exome Chip data set was completed to exclude samples with 

poor quality genotype calls, gender errors, or unclear/unexpected sibling relationships.  

Genetic Risk Scores 

Genetic risk scores (GRS) were calculated as previously described [Raffield, et 

al. 2013]. Both unweighted GRS and GRS weighted by SNP effect size were derived for 

two sets of SNPs previously reported to be associated with CAC or CAC and MI. SNPs 

included in both GRS are shown in Supplemental Table II. One set of 12 SNPs had 

documented effects on CAC (Score 1; 1a=unweighted, 1b=weighted). We created a 

second GRS from 8 SNPs associated with CAC and MI (Score 2; 2a=unweighted, 

2b=weighted).  Unweighted scores were derived by adding the number of effect alleles 

for each SNP for each person. The SNPs were also weighted by their previously 

reported effect sizes [Bis, et al. 2011; O'Donnell, et al. 2011]. For the weighted scores, 

the number of effect alleles possessed by an individual at a particular SNP locus was 

multiplied by a weight derived from that SNP’s effect size contribution to the total effect 

size for all SNPs included in the GRS. For individuals missing genotype data for a 

particular SNP, the mean genotype calculated in the DHS for that given SNP was 

assigned [Fontaine-Bisson, et al. 2010]. For all GRS, the effect allele was assigned as 

the allele associated with an increase in CAC or increased risk for CAC.  

All derived GRS (1a, 1b, 2a, and 2b) were tested for association with CAC, 

CarCP, AACP, IMT, prior history of CVD events, prior history of MI, all-cause mortality, 

and CVD-cause mortality to evaluate whether the GRS were a measure of genetic 

contributions to either clinical or subclinical CVD. 
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Statistical Analysis 

Allele frequencies were calculated for a sub-set of unrelated individuals and 

departure from HWE was calculated from a group of unrelated samples using a chi-

squared goodness-of-fit test implemented in PLINK v. 1.07. Association between the 

SNP genotypes and CVD measures was examined using variance component methods 

computed using SOLAR v. 4.3.1 (Texas Biomedical Research Institute, San Antonio, TX, 

USA) which accounted for family structure. Each trait was examined using additive, 

dominant, and recessive models of inheritance. Most of the associations were observed 

under the additive model, however, there were associations seen under only the 

dominant or recessive models. Continuous variables were transformed prior to analysis 

to approximate conditional normality. Age, gender, T2DM-affection status, and body 

mass index (BMI) were used as covariates in all single variant association analyses. 

Additional covariates (e.g. cholesterol medication use, T2DM duration, and smoking) 

were also tested, but did not meaningfully impact the results. Statistical significance for 

all single SNP analysis was calculated using the Li & Ji method to determine the 

effective number of SNPs using SOLAR v. 4.3.1. Statistical significance was set at 

p<2.16X10-4. Power calculations for dichotomous traits were run using CaTS (University 

of Michigan School of Public Health http://www.sph.umich.edu/csg/abecasis/CaTS/). 

Power calculations for continuous traits were run using Quanto (University of Southern 

California http://hydra.usc.edu/gxe/). 

GRS were considered as continuous variables. Relationships between the GRS 

and CAC, CarCP, AACP, history of CVD, and history of MI were examined using 

marginal models with incorporation of generalized estimating equations. These models 
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use a sandwich estimator of the variance under exchangeable correlation in order to 

account for familial correlation [Raffield, et al. 2013]. Relationships between GRS and 

both all-cause and CVD-cause mortality were examined using Cox proportional hazards 

models with sandwich-based variance estimation due to the inclusion of related 

individuals. Associations were adjusted for age, gender, BMI, smoking status (current or 

prior smoking), hypertension, cholesterol medications, and prior CVD as indicated. All 

analyses were performed in SAS v. 9.3 (SAS Institute, Cary, NC) and statistical 

significance was accepted at p<0.05. 

Results 

Characteristics of the DHS sample are summarized in Table I. The mean age of 

the sample was 61.5 years at examination. 1013 (83.86%) were T2DM-affected, the 

mean BMI approached 32 kg/m2, and slightly more than 50% (643) were female. The 

characteristics of the DHS samples are broadly representative of T2DM-affected patients 

in the general population: older, relatively obese, and with significant risk factors and 

history of CVD.  

We pursued multiple paths of analysis to assess the relevance of genetic loci 

implicated in various measures of CVD in the general population to another sample 

enriched for T2DM. Thus specific SNPs from the CHARGE subclinical CVD analysis 

[Bis, et al. 2011; O'Donnell, et al. 2011] were tested in silico or directly genotyped to test 

for association in the DHS. In addition, the analysis has been expanded to include 

additional coding variants from the CHARGE loci risk and further expanded to assess 

the association of GRS, i.e. the cumulative effect of multiple associated SNPs, on CVD 

related traits. All analyses were performed in a subset of T2D-affected individuals alone 

and revealed similar results (data not shown). 
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Testing CHARGE variants from DHS GWAS and Imputation data 

In an attempt to replicate the findings from the CHARGE studies, a total of 36 

SNPs with available GWAS data were tested for association with clinical and subclinical 

CVD traits as well as CVD risk factors. No SNPs were significantly associated after 

correction for multiple comparisons (p<0.0014), although several SNPs showed nominal 

association (Table II). Among these, rs599839 near PSRC1 (β=-0.31, p=0.008) and 

rs646776 near CELSR2 (β=-0.38, p=0.01) were nominally associated with CAC, while 

rs17398575 near PIK3CG was associated with AACP (β=11.0, p=0.0054); and SNPs in 

COL4A2 (rs3809346, rs4773144) and near CXCL12 (rs1746048) were nominally 

associated with all-cause or CVD-cause mortality. 

Genotyped SNP results 

To investigate the genes implicated by the CHARGE studies 28 exonic SNPs in 

14 genes were identified in the NHLBI GO-ESP database, directly genotyped in the DHS 

and tested for association with clinical CVD, subclinical CVD, and CVD risk factors. The 

mean MAF for the genotyped SNPs were 0.0306 (0.0004-0.1617). The genotyped 

SNPs, along with gene, amino acid change, minor allele, and MAF can be found in 

Supplemental Table I. 

Table III contains results from the association analysis with the genotyped SNPs. 

Three SNPs were significantly associated with CVD risk factors. rs3135506 (Ser19Trp) 

in APOA5 was associated with increased triglyceride (TG) (p=5x10-5), nominally 

associated with decreased low density lipoprotein (LDL)-cholesterol (p=0.0007), and 

nominally associated with decreased high density lipoprotein (HDL)-cholesterol 

(p=0.0066). rs651821 (5’ untranslated region (UTR)) also in APOA5, was nominally 

associated with increased TG concentration (p=0.00080) while rs138326449 (splice 
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donor) in APOC3 was associated with decreased TG concentrations (p=0.0015). Several 

other SNPs including rs45456595 (CDKN2A, Gly63Arg), rs5128 (APOC3, 3’ UTR), and 

rs72650673 (SH2B3, Glu400Lys) were nominally associated (at p<0.010) with history of 

CVD, subclinical CVD, or CVD risk factors. 

Exome Chip Results 

At total of 209 exonic SNPs with available genotype data from the exome chip 

were evaluated for association with clinical CVD, subclinical CVD, and CVD risk factors. 

Table IV shows the significant results for the association of the SNPs from the Exome 

chip with subclinical and clinical CVD traits as well as CVD risk factors. One SNP 

rs3750103 (His204Arg/His68Arg) in CHN2 was associated with IMT under the recessive 

model (β=0.17, p=3.9X10-5). A second SNP, rs61937878 (Val549Met) in HAL was 

significantly associated with AACP (β=85.5, p=7.1X10-5). Additional SNPs (rs61735307, 

SERPINI1; rs10496236, CTNNA2; rs11073922, NGRN) were nominally associated with 

various lipid measures IMT. 

Genetic Risk Score 

Finally, we determined the combined effect of the CHARGE SNPs on CVD traits. 

We analyzed 4 genetic risk scores containing different sets of SNPs and weighting 

method combinations for potential associations with CAC, CarCP, AACP, prior history of 

CVD, prior history of MI, and all-cause and CVD-cause mortality. The unweighted GRS 

containing CAC associated SNPs (GRS 1a) was associated with history of CVD events 

(p=0.033; OR=1.09). GRS 2b, the weighted risk score containing SNPs associated with 

both CAC and MI, was associated with history of MI (p=0.026; OR=1.15). No other 

associations were observed. Significant results for the GRS analysis are shown in Table 

V. 
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Discussion 

We assessed whether results seen in the CHARGE consortium GWAS meta-

analyses were applicable to a T2DM enriched sample in the DHS. In addition, CHARGE 

analyses were extended by including coding variants in genes implicated in the 

CHARGE studies and testing GRS created from combinations of SNPs previously 

associated in CHARGE. We were unable to detect any associations that reached 

statistical significance in the initial analysis of CHARGE top-hit SNPs when applying a 

conservative Bonferroni correction; however several nominal associations were 

observed with clinical and subclinical CVD traits (Table II). 

 A further investigation into the genes implicated in this study reveal a wide range 

of biological functions. Several genes with associated SNPs have some potential 

biological rationales. SNPs rs3809346 and rs4773144 located in the COL4A2 gene were 

nominally associated with CVD mortality (Table II). COL4A2 encodes the protein 

collagen type IV alpha 2 which is the major component of basement membranes [Griffin, 

et al. 1987]. SNP rs17398575, near PIK3CG, was nominally associated with AACP. 

PIK3CG encodes for an enzyme that phosphorylates phosphoinositides. It is an 

important modulator of extracellular signals, including those elicited by E-cadherin-

mediated cell-cell adhesion, with an important role in maintenance of the structural and 

functional integrity of epithelia [Tibolla, et al. 2013]. Rs1746048, nominally associated 

with all-cause mortality (p-value of 0.005), is downstream of CXCL12. CXCL12 encodes 

a stromal cell-derived alpha chemokine which can activate lymphocytes and may have a 

role in the cancer metastasis [Singh, et al. 2004]. It is also a chemoattractant for T-

lymphocytes and monocytes [Man, et al. 2012]. Activities of this protein and its receptor 

induce a rapid rise in the level of intracellular calcium ions and chemotaxis. Rs646776, 
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downstream of CELSR2, was nominally associated with CAC. CELSR2 encodes for a 

protein in the cadherin family that does not interact with catenins. It is thought that these 

proteins are involved in contact-mediated communication. However, the specific function 

has not been determined. CELSR2 and PSRC1 (rs599839) have been associated with 

both coronary artery disease and total cholesterol concentration [Samani, et al. 2008]. 

We further investigated the genes implicated by the CHARGE studies by 

genotyping exonic SNPs and investigated further exonic SNPs from the DHS Exome 

chip. Exonic SNPs from CAC- and CVD-associated genes in CHARGE were found to be 

associated with lipid traits in DHS (Table III). Additional coding variants were asociated 

with subclinical CVD traits and CVD risk factors (Table IV). 

Several genes with known relevant biological functions were found in the 

investigation of coding SNPs. APOA5 (rs3135506, associated with TG concentrations 

and nominally with LDL concentrations; p-value=5x10-5 and 7x10-4 respectively, and 

rs651821, nominally associated with triglyceride concentrations; p-value=8x10-4; Table 

III), which is a component of HDL, was shown associated with TG concentrations and 

coronary artery disease [Lai, et al. 2004; Pennacchio, et al. 2002]. APOC3, a component 

of very low density lipoprotein (VLDL), is thought to delay catabolism of TG-rich particles 

and impact TG concentrations [Russo, et al. 2001]. In the DHS, APOC3 was nominally 

associated with TG concentrations and HDL (rs138326449; p-value=0.0017 and 0.013 

respectively; rs5128 with TG; p-value=0.0096) (Table III). SNP rs3750103 in CHN2 was 

associated with IMT with a p-value 3.9x10-5 (Table IV). CHN2 encodes for the protein 

chimerin 2, which plays a role in the proliferation and migration of smooth muscle cells 

[Maeda, et al. 2006].  A second SNP, rs61937878, associated with AACP (p-

value=7.1x10-5; Table IV), is located in HAL. HAL encodes the protein histidine 
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ammonia-lyase, which catalyzes the first step in histidine catabolism. Finally rs10496236 

in CTNNA2 was nominally associated with total cholesterol concentrations (p-

value=3.2x10-4; Table IV). CTNNA2 encodes for catenin (cadherin-associated protein), 

alpha 2 which functions as a linker between cadherin adhesion receptors and the 

cytoskeleton to regulate cell-cell adhesion, predominantly in the central nervous system, 

and it has been associated with late onset Alzheimer’s disease [Cummings, et al. 2012]. 

Finally, we assessed whether GRS of CHARGE SNPs associated with CAC or 

CAC and MI provides a useful tool to predict CAC or CVD in the DHS. We found that 

GRS containing CAC risk SNPs or SNPs associated with increased CAC and MI were 

associated with CVD events in the DHS (Table V). This indicates that CAC risk SNPs 

have potential to be used for identification of CVD risk in populations enriched for T2DM. 

The present studies were performed in European American subjects; results require 

replication in members of other population ancestries. 

An important consideration in any study of this type is the statistical power of the 

study. This study has moderate power to identify associations with dichotomous trait and 

very high power to detect associations with continuous traits. For example, at a MAF of 

0.35 we have 40% power to detect an association with history of CVD with an odds ratio 

of 1.15. For a quantitative trait example, this study has greater than 80% power to detect 

an association between a SNP with 0.11 MAF and a β-value of 0.1 for triglyceride levels. 

Conclusions 

Taken together, these results provide evidence that the variants and genes 

implicated by the earlier CHARGE association studies affect clinical and subclinical CVD 

risk as well as CVD risk factors in European American individuals with T2DM. This study 

investigated known or suspected CVD associated variants and genes. However, these 
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variants may not account for the individual’s full risk as there may be additional risk 

variants that are not covered by conventional techniques such as the Haptoglobin 

duplication [Adams, et al. 2013]. Additional studies need to be performed to investigate 

the regions of the genome that aren’t easily covered by modern genotyping technology. 
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Table I. Demographic Characteristics of DHS Samples 

 Total 
Number 1208 

Age 61.5±9.35 
Female (%) 643 (53.2) 
BMI (kg/m2) 31.8±6.49 

T2DM Affected (%) 1013 (83.9) 
Diabetes duration (years) 10.41±7.1 
Metabolic Syndrome (%) 1029 (85.2) 

Lipid medication (%) 540 (44.7) 
CAC 1662.5±3160.7 

CarCP 312.9±672.1 
AACP 10949.3±15748.8 

IMT (mm) 0.676±0.134 
Cholesterol (mg/dL) 186.8±42.4 

LDL (mg/dL) 105.1±32.7 
HDL (mg/dL) 43.1±12.5 

Triglycerides (mg/dL) 201.4±132.1 
History of CVD (%) 471 (38.99) 

Deceased (%) 222 (18.38) 
CVD Deceased (% of deceased) 100 (45.05) 

 

Data shown are mean ±SD, unless specified otherwise.  
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Table II. Nominally Significant Association Results for the GWAS and Imputation SNPs with Measures of Subclinical CVD 

 Additive Dominant Recessive 

SNP Gene Trait p-value β-value SE p-value β-value SE p-value β-value SE 

rs1746048 CXCL12 
All-

Cause 
Mortality 

0.005 0.29 0.12 0.005 0.32 0.12 0.28 0.43 0.44 

rs599839 PSRC1 CAC 0.008 -0.31 0.12 0.009 -0.36 0.14 0.27 -0.36 0.32 

rs646776 
CELSR2, 
PSRC1, 
SORT1 

CAC 0.013 -0.31 0.12 0.010 -0.38 0.15 0.41 -0.28 0.34 

rs17398575 PIK3CG AACP 0.015 8.74 3.58 0.009 11.03 4.20 0.60 4.85 9.33 

rs3809346 
COL4A1, 
COL4A2 

CVD-
Cause 

Mortality 
0.026 -0.18 0.08 0.36 -0.11 0.12 0.004 -0.39 0.14 

rs4773144 
COL4A1, 
COL4A2 

CVD-
Cause 

Mortality 
0.040 -0.16 0.08 0.43 -0.095 0.12 0.007 -0.38 0.14 

 

CAC: coronary artery calcified plaque; AACP: infrarenal abdominal aortic calcified plaque and all-cause and CVD-cause mortality. 

Associations were examined under additive, dominant and recessive genetic models. SE = standard error  
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Table III. Association Results for the Genotyped Exonic Variants with Clinical and Subclinical CVD 

 Additive Dominant Recessive 

SNP Trait p-value β-value SE p-value β-value SE p-value β-value SE 

rs3135506 Triglycerides 5X10-5 0.189 0.465 3X10-4 0.17 0.31 7X10-4 0.93 0.27 

rs3135506 LDL 0.0012 -9.48 2.92 7X10-4 -10.1 2.99 0.65 10.1 22.4 

rs3135506 HDL 0.0066 -0.20 0.07 0.011 -0.19 0.07 0.13 -0.63 0.42 

rs651821 Triglycerides 8X10-4 0.15 0.04 0.004 0.14 0.05 0.005 0.5 0.18 

rs651821 
History of 

CVD 
0.02 0.27 0.11 0.08 0.23 0.13 0.009 1.29 0.56 

rs138326449 Triglycerides 0.0017 -0.97 0.31 0.0017 -0.97 0.31 NA NA NA 

rs138326449 HDL 0.13 1.16 0.46 0.013 1.16 0.46 NA NA NA 

rs45456595 IMT 0.0022 0.07 0.02 0.0022 0.07 0.02 NA NA NA 

rs5128 Triglycerides 0.0096 0.10 0.04 0.03 0.09 0.04 0.01 0.41 0.16 

rs72650673 Triglycerides 0.0084 0.77 0.29 0.0084 0.77 0.29 NA NA NA 

 

History of CVD: prior reports of CVD events; IMT: carotid intima-media thickness, and blood lipids. Associations were examined 

under additive, dominant and recessive genetic models. Bold indicates statistical significance. SE = standard error  
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Table IV. Association Result for the SNPs from the DHS Exome Chip with Measures of Subclinical CVD 

 

 Additive Dominant Recessive 

SNP Trait p-value β-value SE p-value β-value SE p-value β-value SE 

rs3750103 IMT 0.35 0.007 0.007 0.81 0.002 0.007 3.9X10-5 0.17 0.04 
rs61937878 AACP 7.1X10-5 85.45 21.38 7.1X10-5 85.45 21.38 NA NA NA 
rs61735307 IMT 2.6X10-4 0.24 0.06 2.6X10-4 0.24 0.06 NA NA NA 
rs10496236 Cholesterol 3.2X10-4 -0.05 0.02 0.0032 0.0031 0.02 9.2X10-4 -0.16 0.05 
rs11073922 IMT 0.21 0.007 0.005 0.71 0.002 0.006 7.2X10-4 0.06 0.019 
 

AACP: infrarenal abdominal aortic calcified plaque; IMT: carotid intima-media thickness and blood lipids. Associations were 

examined under additive, dominant and recessive genetic models. Bold indicates statistical significance. SE = standard error
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Table V. Significant Association Results for the GRS with CVD 

 

GRS Trait p-value OR 95% CI 

1a 
History of 

CVD 
0.033 1.09 1.01 – 1.19 

2b 
History of 

MI 
0.026 1.15 1.02 – 1.34 

 

History of CVD: prior reports of CVD events; History of MI: prior reports of Myocardial 

Infarction, GRS = genetic risk score, 1a = unweighted risk score with CAC associated 

SNPs, 2b = weighted risk score with CAC and MI associated SNPs, OR = odds ratio, 

95% CI = 95% confidence interval 
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Supplemental Table I. Genotyped SNPs Carried Forward to Analysis for Clinical and 

Subclinical CVD as well as Bloos Lipid Traits 

SNP Gene 
Amino Acid 

Change 
Minor 
Allele 

Genotyped 
MA% 

rs8176739 ABO Arg199Cys A 0.58 

rs12721041 APOA4 Val13Met T 1.43 

rs147610191 APOA4 Asn127Lys T 0.58 

rs12721043 APOA4 Ala161Ser A 1.42 

rs651821 APOA5 5’ URT C 6.68 

rs3135506 APOA5 Ser19Trp C 7.09 

rs185060854 APOA5 3’ UTR A 0.08 

rs138326449 APOC3 5’ Splice A 0.13 

rs5128 APOC3 3’ UTR G 9.36 

rs45456595 CDKN2A Gly63Arg G 0.54 

rs34004222 COL4A1 Pro54Leu A 0.59 

rs3803230 COL4A2 Gly683Ala C 10.55 

rs184812559 COL4A2 Arg1109Gln A 0.97 

rs117412802 COL4A2 Glu1123Gly G 1.18 

rs62621875 COL4A2 Gln1150Lys A 0.21 

rs77786415 COL4A2 Ser1639Leu T 0.08 

R584C CTNNA2 Arg584Cys T 0.42 

V784I CTNNA2 Val784Ile A 0.04 

D1068N IRS2 Asp1068Asn T 0.68 

T1082P IRS2 Thr1082Pro G 0.08 

rs1865434 IRS2 3’ UTR C 16.17 

rs2234916 KCNE2 Thr8Ala G 0.51 

rs17847825 PIK3CG Ser442Tyr A 9.21 

rs17855458 PINX1 Arg215Ile A 1.38 

rs1078543 PINX1 Ser254Cys A 12.71 

rs72650673 SH2B3 Glu400Lys A 0.17 

rs35173108 SMG6 Arg984Cys A 0.13 

rs77194529 SMG6 3’ UTR T 2.60 

 

MA% - Minor Allele % 
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Supplemental Table II. List of SNPs Used in the GRS 

GRS 1a and 
GRS 1b 

GRS 2a and 
GRS 2b 

rs6604023 rs1720819 

rs17676451 rs12772023 

rs1333049 rs3809346 

rs2306374 s11984041 

rs12526453 rs599839 

rs3809346 rs1199337 

rs599839 rs163189 

rs2026458 rs2026458 

rs4977574  
 
 
 

rs1746048 

rs4773144 

rs9818870 

 

GRS 1a and 1b contain SNPs associated with CAC. GRS 2a and 2b contain SNPs 

associated with CAC and MI 
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Chapter V 

Genetic Analysis of Advanced Glycation End Products in the DHS MIND Study 
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Abstract 

Advanced glycation end-products (AGEs) are a diverse group of molecules 

produced by the non-enzymatic addition of glucose to proteins, lipids, and nucleic acids. 

AGE levels have been associated with hyperglycemia and diabetic complications, 

especially in animal models, but less clearly in human studies. In this study AGEs were 

measured using an enzyme linked immunosorbant assay (ELISA) in 506 subjects from 

246 families in the Diabetes Heart Study (DHS)/DHS MIND Study of which 399 were 

affected by type 2 diabetes while 107 were unaffected. AGEs were found to be highly 

heritable (h2 = 0.628, p=8.96x10-10) when fully adjusted for covariates. In addition, single 

nucleotide polymorphisms (SNPs) in several candidate genes, including known AGE 

receptors, were tested for their influence on circulating AGE levels. While no SNPs were 

significant after Bonferroni correction, rs1035798 in the gene AGER was the most 

significantly associated (p=0.007). Only one additional SNP (rs7198427) in the gene 

MT1A showed a p-value of less than 0.01. The genetic analysis was expanded to 

include an exploratory genome-wide association study (GWAS) and exome chip study of 

AGEs (≈440,000 SNPs). No SNPs were identified that reached Bonferroni corrected 

statistical significance, but rs17054480 in the PALLD2 gene on chromosome 4 showed 

the strongest association (p=7.77x10-7). Five SNPs at two loci (ISCA2/NPC2 and 

FBXO33) had p-values of less than 2.0x10-5 and three additional SNPs (rs716326 in 

MACROD2, and rs6795197 and rs6765857 in ZBTB38) showed a nominal association 

with p-values of less than 1.0x10-5. In this study we found that circulating AGE levels are 

highly heritable, with suggestive evidence of association with several genetic loci. This 

provides a foundation for further investigation into the genetic component of AGE levels 

and levels of individual AGEs. 
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Introduction 

Advanced glycation end products (AGEs) are a diverse, heterogenous class of 

molecules. AGEs are formed through the non-enzymatic glycation and oxidation of 

proteins, lipids, and nucleic acids. Advanced glycation end products have been shown to 

be associated with a wide range of diseases and phenotypes. Most studies have 

investigated complications of type 2 diabetes (T2D) such as cardiovascular disease, 

kidney disease, retinopathy, and neuropathy [Singh, et al. 2001]. In addition, AGEs have 

been shown to be associated with a number of clinical measures and behaviors 

including estimated glomerular filtration rate (eGFR) [Nin, et al. 2011], soluble vascular 

cell adhesion molecule 1 [van Eupen, et al. 2013], body mass index (BMI) (see Chapter 

VII), and smoking [Singh, et al. 2001]. 

While there are numerous studies investigating the impact of AGEs on a range of 

diseases, there are relatively few prior studies investigating the genetics of AGEs. AGEs 

have previously been reported to be heritable [Leslie, et al. 2003]. In addition, SNPs in 

AGER (RAGE; Receptor for Advanced Glycation End Products) and MT1A 

(Metallothionein-1A) have been reported to be associated AGE levels [Bansal, et al. 

2013; Giacconi, et al. 2014; Jang, et al. 2007]. There are additional AGE receptors 

including AGE-R1 or Oligosaccharyl Transferase-, AGE-R2 (80 K-H phosphoprotein 

(Protein kinase C substrate)), AGE-R3 (Galectin-3, and macrophage scavenger 

receptors type I and type II (SR-A) that could be potential candidate genes to study. We 

have evaluated heritability of AGEs and genetic association with AGE levels in the 

Diabetes Heart Study (DHS)/DHS MIND Study cohort, an ongoing genetic and 

epidemiological analysis of families enriched for type 2 diabetes with extensive genetic 

data [Bowden, et al. 2010; Bowden, et al. 2008]. 
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Materials and Methods 

Study Population 

The DHS is a family-based study examining risk for macrovascular and other 

complications in T2D. Briefly, the DHS includes siblings concordant for T2D but without 

advanced renal insufficiency. When possible, unaffected siblings were also recruited. 

T2D was clinically defined as diabetes developing after the age of 35 years and initially 

treated with oral agents and/or diet and exercise, in the absence of historical evidence of 

ketoacidosis. Diagnoses were confirmed by measurement of fasting blood glucose and 

glycosylated hemoglobin (HbA1c). Extensive measurements of CVD risk factors were 

obtained during baseline exams, which occurred from 1998 to 2006. Ascertainment and 

recruitment have been previously described in detail [Bowden, et al. 2010; Bowden, et 

al. 2008]. 

The DHS MIND study is an ancillary study to the DHS that included a cognitive 

testing component and brain magnetic resonance imaging (MRI). The purpose was to 

investigate the relationships between cognitive function, brain imaging, and vascular 

disease in T2D. Participants from the original DHS investigation were re-examined on 

average 6.7 ± 1.6 years after their initial visit. Participant examinations were conducted 

in the General Clinical Research Center of the Wake Forest Baptist Medical Center. The 

current cognitive and brain image analyses are based on a subset of 506 participants 

returning from the baseline DHS exam with measured phenotypes from the DHS-MIND 

study visit and available genotype data. Study protocols were approved by the 

Institutional Review Board at Wake Forest School of Medicine and all study procedures 

were carried out in accordance with the Declaration of Helsinki. All participants provided 

written informed consent before participation. 
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Advanced Glycation End Products 

Total serum AGEs were measured using a competitive enzyme linked 

immunosorbant assay (ELISA) (Lifeome Biolabs; Oceanside, CA). The ELISA was run 

according to the manufacturer’s recommendations using previously frozen serum. The 

ELISA uses a monoclonal antibody that is specific to AGEs. This ELISA has a minimum 

detectable dose of AGEs less than 35.2 ng/ml. Intra-assay and inter-assay precision was 

2.0% and 22.5%, respectively. 

GWAS 

Genomic DNA was purified from whole-blood samples obtained from subjects 

using the PUREGENE DNA isolation kit (Gentra Systems., Minneapolis, MN). DNA was 

quantitated using standardized fluorometric readings on a Hoefer DyNA Quant 200 

fluorometer (Hoefer Pharmacia Biotech, Inc., San Francisco, CA). 

A genome-wide association study (GWAS) was completed using the Affymetrix 

Genome-wide Human SNP Array 5.0 (Affymetrix, CA, USA) as reported [Cox, et al. 

2013b]. Genotype calling was completed using the BRLLM-P algorithm in Genotyping 

Console v4.0 (Affymetrix). Samples failing to meet an intensity quality control (QC) 

threshold and those failing to meet a minimum acceptable call rate of 95% were 

excluded from further analyses (n=7). An additional 39 samples were included as blind 

duplicates within the genotyping set to serve as QC samples; the concordance rate for 

these blind duplicates was 99.0 ± 0.72% (mean ± standard deviation (SD)). Exploratory 

analyses of genotype data were performed using PLINK v. 1.07 

(http://pngu.mgh.harvard.edu/purcell/plink/) and samples with poor quality genotype 

calls, gender errors, or unclear/unexpected sibling relationships were excluded from 

further analysis. Exclusion criteria for single nucleotide polymorphism (SNP) 
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performance included call rate <95% (n=11,085), Hardy-Weinberg Equilibrium (HWE) p-

value <1x10-6 (n=332), and minor allele frequency (MAF) <0.01 (n=57,382); 371,951 

SNPs were retained for analysis. 

Exome Chip 

Additional SNPs, predominately low-frequency and rare coding SNPs, were also 

identified as captured by the Illumina HumanExome BeadChip v.1.0 (Illumina Inc., San 

Diego, CA) for which genotype data was available in the DHS. For DHS exome chip 

data, genotype calling was completed using Genome Studio Software v1.9.4 (Illumina). 

Samples failing to meet a minimum acceptable call rate of 98% (n=3) were excluded 

from further analyses. An additional 58 samples were included as blind duplicates within 

the genotyping set to serve as QC samples; the concordance rate for blind duplicates 

was 99.9 ± 0.0001% (mean ± SD). Exclusion criteria for SNP performance included call 

rate <95% (n=972), SNPs with 5 or fewer observances (n=204,273) and Hardy-

Weinberg Equilibrium p-value <1x10-6 (n=26); 41,961 SNPs were retained for analysis. 

Additional QC of exome chip data set was completed to exclude samples with poor 

quality genotype calls, gender errors, or unclear/unexpected sibling relationships.  

Heritability Analysis 

Heritability estimates for AGEs were assessed in 506 related individuals from 

245 families that had AGE measures. Data from single (unrelated) individuals were 

excluded from this analysis. The AGE measurements were natural log transformed to 

approximate the normality assumptions of the analysis. To determine the contribution of 

genetic factors to AGE levels, the data in family members were analyzed using 

Sequential Oligogenic Linkage Analysis Routines (SOLAR) v. 6.3.4 (Texas Biomedical 

Research Institute, San Antonio, TX, USA). SOLAR performs a variance components 



86 

 

analysis of family data where the total phenotypic variation is partitioned into genetic and 

nongenetic sources of variation. This approach has been used previously in the DHS 

[Hsu, et al. 2005; Lange, et al. 2006]. To minimize the bias associated with shared 

environmental factors, the estimates of heritability (h2) were based on all available family 

data and were controlled for covariates related to AGEs which are commonly used in 

AGE analyses including age, gender, body mass index (BMI), eGFR, T2D affected 

status, and smoking status (current or former). Five models were developed that 

incorporated an increasing number of covariates to determine the extent that genetic 

factors contribute to variation in cognition independent of other confounding variables. 

The first model was an unadjusted model. The second model was adjusted for age and 

gender. The third model was adjusted for age, gender, and BMI. The fourth was 

adjusted for age, gender, BMI, and eGFR. The fifth model was the fully adjusted model 

and included age, gender, BMI, eGFR, T2D-affected status, and history of smoking. The 

significance of the heritability estimates was obtained by likelihood ratio tests. 

Genetic Association Analysis 

Genetic association was run using SOLAR v. 6.3.4 (Texas Biomedical Research 

Institute, San Antonio, TX) which uses variance component methods to account for 

family structure. AGE measures were natural log transformed prior to analysis to 

approximate conditional normality. Covariates used in the analysis were age, gender, 

BMI, T2D affected status, eGFR, and smoking status. All analyses were run using the 

additive model. The p-value for significance for the 121 candidate gene SNPs was set at 

0.00041 based upon Bonferroni correction. The p-value for significance for the GWAS 

and exome chip associations was set at 1.21x10-7 after correcting for multiple 

comparisons based upon the number of SNPs investigated. 
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Results 

Characteristics 

Demographics of the individuals included in this study are shown in Table I. 

Briefly, the average age was 67 years old and just over half of them were female 

(54.8%). The individuals were on average overweight or obese with an average BMI of 

31.5kg/m2. Approximately 70% of the individuals were affected by T2D with an average 

duration of 16.6 years. The DHS samples have characteristics that are broadly 

representative of T2D-affected patients in the general population: older, relatively obese, 

and with significant risk factors and history of CVD and kidney function decline. 

Heritability 

A heritability analysis was performed on AGEs (Table II). This analysis was run 

using a variety of covariates. First, with no covariates included AGEs were not found to 

be heritable (h2 = 0.045 p=0.291). However, as relevant covariates were added, the 

heritability estimate increased and became more significant. When age and sex were 

included in the analysis as covariates the h2 increased to 0.084 (p=0.167) and including 

BMI increased it more to 0.114 (p=0.093). After adjusting for commonly used covariates 

including age, sex, BMI and eGFR, the heritability reached statistical significance with an 

h2=0.317 (p=5.75x10-4). We found AGE levels to be highly heritable with an h2 of .628 

(p=8.96x10-10) in the fully adjusted model when accounting for age, gender, BMI, eGFR, 

T2D affected status, and current/former smoking status (Table II). 

Candidate Genes 

We performed an association analysis using 121 SNPs genotyped on the GWAS 

and exome chips from known AGE receptor genes including, Advanced Glycosylation 

End Product-Specific Receptor (AGER), Dolichyl-Diphosphooligosaccharide-Protein 
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Glycosyltransferase Subunit (non-catalytic) (DDOST), Protein Kinase C substrate 80K-H 

(PRKCSH), Galactoside-Binding, Soluble, 3 (LGALS3), Macrophage Scavenger 

Receptor 1 (MSR1) genes. All polymorphic SNPs in the genes and ± 20 kb from the 

GWAS and exome chips were included in this analysis. In addition to the receptor 

genes, one other gene, Metallothionein 1A (MT1A) was included based upon prior 

literature showing an association with AGE levels. We did not find any significant 

association after adjusting for the number of comparisons (p=0.00041) with any SNP in 

any of the candidate genes as shown in Table III. Thirty-three SNPs had a p-value of 

0.25 or less, 8 of which had a p-value of less than 0.05. The top SNP was rs1035798 in 

the AGER gene (p=0.007). The top SNP in the MT1A gene was rs7198427 (p=0.0099). 

DDOST contained one SNP with a p-value of less than 0.05, rs113092523. Top SNPs in 

other candidate genes did not reach a p-value of <0.05 (MSR1, rs10503574, p=0.052; 

PRKCSH, rs17426435, p=0.054; and LGALS3, rs11125, p=0.22). 

Genome-wide Analysis of Exome Chip Genotyping Data 

No SNP reached stringent statistical significance (p=1.23x10-7). The top results 

are shown in Table IV. The most significant SNPs were exonic, missence variants in the 

Chitinase, acidic (CHIA) gene on chromosome 1 (rs41282492, p=4.1x10-5; rs41282494, 

p=4.1x10-5; rs41282496, p=4.1x10-5) as seen in Table IV. Three additional SNPs had p-

values less than 1.0x10-4; rs10805470 (intergenic, p=4.9x10-5), rs139025377 (DEAD 

(Asp-Glu-Ala-Asp) box polypeptide 19A [DDX19A], p=7.4x10-5), and rs147902167 

(myomesin 3 [MYOM3], p=8.1x10-5) (shown in Table IV). Figure 1 shows a Manhattan 

plot of the results from the exome chip analysis of AGEs. 

Genome-wide Association Study 
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There were no SNPs from the GWAS that reached statistical significance 

(p=1.23x10-7). The top SNP association was rs17054480 (p=7.77x10-7), an intronic SNP 

in the cytoskeletal associated protein (PALLD) gene on chromosome 4 (Table V). There 

were 3 SNPs with p-values of less than 1.00x10-5 surrounding the Niemann-Pick 

disease, type C2 (NCP2) and iron-sulfur cluster assembly 2 (ISCA2) genes on 

chromosome 14 (rs11159086, p=2.70x10-6; rs4899514, p=4.18x10-6; rs1029701, 

p=9.11x10-6) as seen in Table V. Four additional SNPs showed nominal association with 

a p-value of less than 1.00x10-5. These SNPs were rs4454866 in the F-box Protein 33 

(FBXO33) gene (p=5.07x10-6), rs716316 in the MACRO domain containing 2 

(MACROD2) gene (p=7.53x10-6), rs679597 (p=8.42x10-6), and rs6765857 (p=9.32x10-6) 

in the zinc finger and BTB domain containing 38 (ZBTB38) gene (Table V). There were 

52 additional SNPs that were nominally associated with a p-value of less than 1.00x10-4 

(Supplementary Table I). Figure 2 shows a Manhattan plot of the results from the GWAS 

analysis of AGEs. 

Discussion 

Previously there has been a single report that a specific species of AGEs Nε-

carboxymethyl lysine (CML) is highly heritable (h2 of = 0.74) [Leslie, et al. 2003]. 

Correlation of CML levels was higher in monozygotic twins compared to dizygotic twins. 

The heritability of fasting glucose and HbA1c did not explain the CML heritability in this 

report. The results of the current study are consistent with the CML study where we have 

shown in the fully adjusted model that circulating AGE levels quantitated by ELISA are 

highly heritable (h2 = 0.628), suggesting that there is a substantial genetic component to 

this measure. 
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Most of the prior genetic association studies have focused on a few candidate 

genes, most notably the receptor for advanced glycation end products (RAGE) gene 

(AGER) on chromosome 6. Several previous studies have shown evidence of an 

association between polymorphisms in AGER and circulating AGE levels [Bansal, et al. 

2013; Jang, et al. 2007]. Bansal et.al. found that the S allele of rs2070600 (Gly82Ser) 

and rs1800625 (C allele) were associated with increased AGEs [Bansal, et al. 2013]. 

Jang et.al., on the other hand, found that the individuals with the G/G genotype at 

rs2070600 had increased levels of AGEs [Jang, et al. 2007]. These studies included 436 

subjects, 265 of whom were affected by diabetes and 1676 subjects, none of whom had 

diabetes, respectively. There are additional AGE receptors including AGE-R1 or 

Oligosaccharyl Transferase-4 coded by the DDOST (Dolichyl-

Diphosphooligosaccharide-Protein Glycosyltransferase Subunit (non-catalytic)) gene, 

AGE-R2 (80 K-H phosphoprotein (Protein kinase C substrate)) which is coded by the 

Protein Kinase C substrate 80K-H (PRKCSH) gene, AGE-R3 (Galectin-3) coded by the 

Galactoside-Binding, Soluble, 3 (LGALS3) gene, and macrophage scavenger receptors 

type I and type II (SR-A) coded by the Macrophage Scavenger Receptor 1 (MSR1) 

gene, none of which, to our knowledge, have shown any genetic associations with 

circulating AGE levels. In addition to AGER, one other gene Metallothionein 1A (MT1A) 

contains a SNP (rs8052394) that was found to be associated with AGE levels [Giacconi, 

et al. 2014]. Individuals with the G allele had increased levels of AGEs compared to 

individuals with the AA genotype. To date, there are no GWAS or exome chip studies 

investigating circulating AGE levels. We investigated potential associations with SNPs in 

and near multiple AGE receptor protein genes and genes suspected of influencing AGE 

levels. We did not find any significant associations with any SNPs in any of the six 
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candidate genes when applying rigorous correction for multiple comparisons. However, 

the nominal associations observed were consistent with possible function of variants in 

these genes that could impact circulating AGE levels. RAGE is a member of the 

immunoglobulin superfamily and is the best characterized of the known and suspected 

AGE receptors [Schmidt, et al. 1996]. AGE interactions with RAGE mediate most of the 

downstream intracellular effects of AGEs. Not much is known about the other AGE 

receptors, but it is suggested that they function more in AGE clearance and 

detoxification and not transducing intracellular signaling by AGEs [Bucciarelli, et al. 

2002; Stitt, et al. 1997]. 

With an appreciation of the limited power due to a small sample size, we further 

expanded our investigation to a full GWAS and exome chip study. While we did not find 

any significant associations, we did observe several nominal associations that are 

potentially interesting for follow-up. The top hit SNP was an intronic SNP in the PALLD 

gene (rs17054480, p=7.77x10-7) (Table IV). The protein coded by this gene functions as 

a cytoskeleton protein that organizes the actin cytoskeleton [Mykkanen, et al. 2001]. It is 

involved in the control of the cell shape, adhesion, and contraction [Otey, et al. 2009]. 

Three SNPs with p-values of less than 1.00x10-5 (rs11159086, p=2.70x10-6; rs4899514, 

p=4.18x10-6; rs1029701, p=9.11x10-6) surround the NPC2 and ISCA2 genes (Table IV). 

NPC2 codes for a protein that functions in regulating the transport of cholesterol through 

the endosome/lysosome system [Frolov, et al. 2001]. ISCA2 appears to assist in the 

maturation of the mitochondrial iron-sulfur proteins [Brancaccio, et al. 2014].  

Further studies need to be performed to investigate AGEs in more depth. This 

study investigated global AGE levels. However, AGEs are a diverse set of molecules. 
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Directly measuring these individual molecules may lead to an increased understanding 

of AGE genetics. 

Conclusions 

In conclusion, we found that AGEs are a highly heritable trait, but were unable to 

identify any specific genetic components of circulating AGE levels. We saw nominal 

associations between SNPs in candidate genes and AGE levels, but no SNP from either 

the GWAS or exome chip reached statistical significance. Additional studies increasing 

the sample size and using a more sophisticated measure of AGEs may yield stronger 

results. 
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Table I. Demographics of the DHS 

 All T2D Non-T2D 
N 506 399 107 

Age (years) ± SD 67.7±9.0 68.0±8.7 66.5±9.8 
Number Female (%) 280 (55.3) 210 (52.6) 70 (65.4) 

BMI (m2/kg) ± SD 31.5±6.6 32.3±6.6 28.5±5.6 
T2D Affected (%) 399 (78.9) 399 (100) 0 (0.0) 

T2D Duration (years) ± SD 16.6±6.6 16.6±6.6 N/A 
CAC ± SD 1101±2140 1245±2215 561±1737 

CarCP ± SD 226±597 252±626 131±464 
AACP ± SD 7922±11912 8648±12139 5175±10636 
IMT ± SD 0.67±0.13 0.67±0.13 0.63±0.10 

Prior History of CVD (%) 164 (32.4) 149 (37.3) 15 (14.0) 
Cholesterol ± SD 180.1±47.9 180.1±47.9 180.1±47.9 

HDL ± SD 41.5±12.2 41.5±12.2 41.5±12.2 
LDL ± SD 99.5±34.7 99.5±34.7 99.5±34.7 

Triglycerides ± SD 198.8±142.2 198.8±142.2 198.8±142.2 
Pulse Pressure (mm Mg)± SD 61.1±16.1 62.7±16.1 55.1±14.7 

Hypertension (%) 440 (87.0) 363 (91.0) 77 (72.0) 
eGFR ± SD 69.2±19.6 69.5±20.5 68.3±15.8 
ACR ± SD 77.4±465.7 94.2±522.7 14.2±22.7 

Fasting Glucose ± SD 133.8±49.5 143.6±51.3 97.2±10.3 
HbA1c ± SD 7.11±1.34 7.45±1.30 5.85±0.31 

Insulin Use (%) 148 (29.2) 147 (36.8) 1 (0.09) 
Diabetes Medication Use (%) 327 (64.6) 323 (81.0) 4 (3.7) 

Statin Use (%) 235 (46.4) 200 (50.1) 35 (32.7) 
Lipid Medication Use (%) 240 (47.4) 204 (51.1) 36 (33.6) 

Blood Pressure Medication Use (%) 363 (71.7) 307 (76.9) 56 (52.3) 
History of Smoking (%) 276 (54.5) 220 (55.1) 56 (52.3) 

Advanced Glycation End Products ± SD 40.7±20.2 41.1±21.3 49.2±15.3 
SD: Standard Deviation
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Table II. Heritability Analysis of Advanced Glycation End Products 

Covariates h^2 (SE) p-value 
None 0.045 (0.084) 0.291 

Age, Sex 0.084 (0.09) 0.167 
Age, Sex, BMI 0.114 (0.09) 0.093 

Age, Sex, BMI, eGFR 0.317 (0.11) 5.75x10-4 

Age, Sex, BMI, eGFR, T2D, Smoking 0.628 (0.112) 8.96x10-10 

 

Bold – indicates statistical significance 
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Table III. Association Results of Candidate Gene SNPs 

SNP Sourse Gene MAF CHR Position p-value β±SE 
rs1035798 GWAS AGER 0.235 6 32,151,222 0.0073 -0.089±0.033 
rs7198427 GWAS MT1A 0.086 16 56,685,080 0.0099 0.13±0.049 
rs6499850 GWAS MT1A 0.095 16 56,687,638 0.014 -0.12±0.048 
rs204995 Exome AGER 0.291 6 32,154,285 0.022 0.076±0.033 
rs7197489 GWAS MT1A 0.181 16 56,683,993 0.031 -0.077±0.036 
rs204993 Exome AGER 0.001 6 32,155,581 0.045 0.064±0.032 

rs113092523 Exome DDOST 0.001 1 20,971,057 0.045 0.85±0.42 
rs3130284 Exome AGER 0.003 6 32,140,487 0.047 0.067±0.035 

rs10503574 GWAS MSR1 0.036 8 15,984,590 0.052 -0.151±0.077 
rs1871574 GWAS MSR1 0.018 8 15,975,574 0.053 0.209±0.108 

rs17426435 Exome PRKCSH 0.061 19 11,546,269 0.054 0.11±0.056 
rs3134946 Exome AGER 0.209 6 32,145,993 0.054 0.067±0.035 
rs3134947 Exome AGER 0.001 6 32,145,205 0.054 0.067±0.035 
rs3096697 Exome AGER 0.197 6 32,134,510 0.054 0.067±0.035 
rs204992 Exome AGER 0.002 6 32,156,908 0.062 0.063±0.034 
rs176095 Exome AGER 0.001 6 32,158,319 0.070 0.061±0.034 
rs414836 GWAS MSR1 0.065 8 16,045,585 0.087 -0.096±0.056 
rs204994 Exome AGER 0.255 6 32,154,998 0.093 0.057±0.034 

rs17677443 GWAS MSR1 0.060 8 16,029,070 0.094 0.099±0.059 
rs11786960 GWAS MSR1 0.461 8 16,010,949 0.096 -0.046±0.027 
rs142241539 Exome AGER 0.001 6 32,130,655 0.10 -0.69±0.42 
rs3130349 Exome AGER 0.184 6 32,147,696 0.12 0.059±0.038 
rs448578 GWAS MSR1 0.066 8 16,042,900 0.13 0.085±0.056 
rs6530943 GWAS MSR1 0.090 8 15,973,590 0.14 -0.074±0.05 

rs10103856 GWAS MSR1 0.065 8 16,048,551 0.16 -0.079±0.056 
rs640742 GWAS DDOST 0.412 1 20,984,554 0.17 0.041±0.029 
rs501257 Exome PRKCSH 0.140 19 11,536,575 0.17 0.055±0.040 

rs149461273 Exome AGER 0.001 6 32,155,917 0.18 0.56±0.42 
rs111334879 Exome DDOST 0.001 1 20,981,976 0.20 -0.36±0.28 
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rs204989 GWAS AGER 0.222 6 32,161,852 0.20 0.045±-0.035 
rs204990 GWAS AGER 0.222 6 32,161,430 0.20 0.045±0.035 
rs204991 Exome AGER 0.225 6 32,161,366 0.20 0.044±0.035 
rs11125 Exome LGALS3 0.098 14 55,611,839 0.22 -0.059±0.048 

 

P-values ≤0.25, MAF – Minor Allele Frequency, CHR - Chromosome 
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Table IV. Association Results of Exome Chip Analysis 

SNP 
Gene/  

Nearest 
Gene 

AA Change MAF CHR Position p-value β±SE 

rs41282492 CHIA N45D 0.121 1 111854889 4.10x10-5 0.179±0.043 

rs41282494 CHIA D47N 0.121 1 111854895 4.10x10-5 0.179±0.043 

rs41282496 CHIA R61M 0.121 1 111854938 4.10x10-5 0.179±0.043 

rs10805470 ESM1 Intergenic 0.384 5 54187813 4.90x10-5 -0.118±0.029 

rs139025377 DDX19A K96R 0.006 16 70398987 7.40x10-5 -0.784±0.197 

rs147902167 MYOM3 I434V 0.015 1 24417419 8.10x10-5 -0.439±0.110 

 

AA – Amino Acid, MAF – Minor Allele Frequency, CHR - Chromosome 
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Table V. Association Results of Genome-wide Association Study 

SNP 
Gene/  

Nearest 
Gene 

AA 
Change 

MAF CHR Position p-value β±SE 

rs17054480 PALLD Intronic 0.053 4 169608790 7.77x10-7 -0.312±0.062 

rs11159086 ISCA2/NPC2 Intergenic 0.141 14 74962275 2.70x10-6 -0.180±0.038 

rs4899514 ISCA2/NPC2 Intergenic 0.139 14 74940170 4.81x10-6 0.177±0.038 

rs4454866 FBXO33 Intergenic 0.052 14 40676918 5.07x10-6 0.281±0.061 

rs716316 MACROD2 Intronic 0.347 20 14908741 7.53x10-6 0.129±0.028 

rs6795197 ZBTB38 Intronic 0.412 3 141047072 8.42x10-6 -0.131±0.029 

rs1029701 ISCA2/NPC2 Intergenic 0.150 14 74940815 9.11x10-6 -0.161±0.036 

rs6765857 ZBTB38 Intronic 0.420 3 141050805 9.32x10-6 0.130±0.029 

 

AA – Amino Acid, MAF – Minor Allele Frequency, CHR - Chromosome 
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Figure 1. Manhattan Plot of Exome Chip Association Results 
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Figure 2. Manhattan Plot of Genome-Wide Association Results 
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Supplementary Table I. Association Results of all SNPs with a p-value <0.0001 

SNP Source CHR Position p-value 

rs7122789 GWAS 11 23,564,493 1.30x10-5 

rs186975 GWAS 2 8,442,736 1.60x10-5 

rs8009194 GWAS 14 40,680,745 1.80x10-5 

rs4838908 GWAS 1 111,906,034 2.20x10-5 

rs7357495 GWAS 8 101,437,100 2.70x10-5 

rs976645 GWAS 5 54,182,326 2.90x10-5 

rs12576603 GWAS 11 36,178,090 2.90x10-5 

rs6483963 GWAS 11 23,562,348 3.10x10-5 

rs11102244 GWAS 1 111,854,076 3.10x10-5 

rs10494133 GWAS 1 111,854,688 3.10x10-5 

rs12076798 GWAS 1 111,857,512 3.10x10-5 

rs2630707 GWAS 2 8,447,203 3.30x10-5 

rs11068744 GWAS 12 118,364,178 3.30x10-5 

rs10739098 GWAS 9 6,417,677 3.80x10-5 

rs13173142 GWAS 5 54,168,152 3.90x10-5 

rs11028046 GWAS 11 24,622,369 3.90x10-5 

rs785119 GWAS 1 40,178,268 4.00x10-5 

rs12128628 GWAS 1 111,850,085 4.20x10-5 

rs7412290 GWAS 1 111,851,040 4.20x10-5 

rs13084444 GWAS 3 141,277,651 4.40x10-5 

rs10758790 GWAS 9 6,431,946 4.60x10-5 

rs7709516 GWAS 5 54,187,081 4.70x10-5 

rs3995917 GWAS 3 112,852,614 4.80x10-5 

rs1903431 GWAS 3 112,852,657 4.80x10-5 

rs380674 GWAS 9 6,438,131 4.80x10-5 

rs10758789 GWAS 9 6,431,091 4.80x10-5 

rs1881157 GWAS 4 99,712,077 4.90x10-5 

rs11082650 GWAS 18 45,649,628 5.10x10-5 

rs4682466 GWAS 3 112,849,688 5.40x10-5 

rs524888 GWAS 9 6,459,274 5.40x10-5 

rs16908833 GWAS 10 58,128,032 5.40x10-5 

rs12730861 GWAS 1 73,224,025 5.80x10-5 

rs355432 GWAS 5 77,214,271 6.00x10-5 

rs10913349 GWAS 1 177,444,301 6.10x10-5 

rs7518178 GWAS 1 199,424,429 6.30x10-5 

rs10489545 GWAS 1 229,162,181 7.00x10-5 

rs1997865 GWAS 1 29,643,881 7.40x10-5 

rs690249 GWAS 2 8,447,979 7.70x10-5 

rs1710182 GWAS 12 101,372,108 7.90x10-5 

rs2304914 GWAS 5 104,109,619 8.00x10-5 

rs835441 GWAS 1 59,823,244 8.20x10-5 
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rs10834120 GWAS 11 23,532,689 8.30x10-5 

rs7243021 GWAS 18 45,657,983 8.60x10-5 

rs2723111 GWAS 2 23,634,300 8.60x10-5 

rs540746 GWAS 10 97,226,429 8.80x10-5 

rs4742202 GWAS 9 6,430,598 9.20x10-5 

rs7773966 GWAS 6 112,231,970 9.30x10-5 

rs1077181 GWAS 3 141,174,956 9.50x10-5 

rs6718432 GWAS 2 23,169,705 9.50x10-5 

rs11082658 GWAS 18 45,685,902 9.50x10-5 

rs2195392 GWAS 5 54,168,675 9.60x10-5 

rs7240774 GWAS 18 19,829,244 9.90x10-5 
 

CHR – Chromosome
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Abstract 

Advanced glycation end-products (AGEs) are a diverse group of molecules 

formed from the non-enzymatic glycation of proteins, lipids, and nucleic acids. AGE 

levels have been associated with hyperglycemia as well as a wide range of traits and 

diseases including diabetic complications. Many of the documented relationships with 

AGEs have been conducted in animal and cell models while human studies are less 

common. AGEs were measured using an enzyme linked immunosorbant assay (ELISA) 

in 816 individuals from the DHS MIND Study, 709 of which were affected by type 2 

diabetes (T2D). In individuals without T2D, AGEs were found to be associated with a 

number of traits. Increased circulating AGE levels was found to be associated with 

increased BMI (p=1.87x10-14, β = 0.74) and total cholesterol (p=0.048, β = 0.05) in 

individuals without T2D. AGEs were also associated with a number of subclinical 

cardiovascular disease traits in people unaffected by T2D. As AGEs increased, coronary 

artery calcification (CAC) also increased (p=0.038, β = 0.55) as did carotid artery 

calcification (CarCP) (p=4.50x10-5, β = 0.54). AGEs also associated with declining 

kidney function as seen through decreased estimated glomerular filtration rate (eGFR) 

(p=0.0038, β = -0.06). AGEs are also nominally associated with cognitive decline with 

associations with decreased scores on the digit symbol substitution test (p=0.04, β = -

6.58) and with decreased grey matter volume (p=0.03, β = -14.63). Strikingly, no 

significant associations were seen in the entire cohort or in the T2D-only subset. This 

study shows that AGEs could play an important role in a number of phenotypes and 

diseases. 

Introduction 
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Advanced glycation end products (AGEs) are a diverse, heterogenous class of 

molecules. AGEs are formed through the non-enzymatic glycation and oxidation of 

proteins, lipids, and nucleic acids. Advanced glycation end products have been shown to 

be associated with a wide range of diseases and phenotypes. Most studies of these 

studies have investigated complications of diabetes such as cardiovascular disease, 

kidney disease, retinopathy, and neuropathy [Singh, et al. 2001]. 

AGEs have been shown to be associated with a wide range of diseases including 

Alzheimer’s [Vitek, et al. 1994], retinopathy [Singh, et al. 2001], chronic kidney disease 

[Leurs and Lindholm 2013], pulse pressure [Schram, et al. 2005] and type 2 diabetes 

(T2D) [Semba, et al. 2009]. However, most associations with AGEs have been with 

diabetic CVD. In diabetes, AGE binding to RAGE reduces tissue protein degradation and 

can lead to impaired tissue remodeling [Piarulli, et al. 2012]. In addition, AGEs have 

been implicated as playing a large role in the formation and progression of arterial 

atherosclerosis [Kiuchi, et al. 2001]. AGEs have been shown to be a predictor of 

cardiovascular and coronary mortality in women with T2D [Kilhovd, et al. 1999]. AGE 

concentrations have been seen to be increased in T2D affected individuals with ischemic 

heart disease [Kaled A. Ahmed 2007]. In addition, the severity of coronary artery 

atherosclerosis in T2D patients is correlated to AGE concentration [Hegab, et al. 2012]. 

In additional studies AGEs and their receptor RAGE have been implicated in 

atherosclerosis and vascular calcification. Tahara et al. found that serum AGEs, but not 

Nε-carboxymethyl lysine (CML), were positively associated with vascular inflammation 

[Tahara, et al. 2012]. Increased Receptor for Advanced Glycation End Products (RAGE) 

was shown to be associated with decreased aortic vascular calcium [Kim, et al. 2013]. A 

study performed in rats found that AGEs promote the calcification of vasculature through 
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the RAGE pathway and by increasing oxidative stress [Wei, et al. 2013]. Wang et al. 

investigated the effect of AGEs on the progression of calcification in diabetic mice. They 

found that CMLs deposits were increased in mice with increased vascular calcification. 

In addition they found that aortic smooth muscle cells that were incubated with high 

levels of CML were induced to calcification and had increased calcium deposits [Wang, 

et al. 2012]. 

Most studies investigating the effect of AGEs on atherosclerosis and calcification 

have been performed in animal models or cell lines. The studies performed in humans in 

general have relatively low numbers of participants. This study attempts to investigate 

the association of AGEs on a number of traits including T2D comorbidities such as 

kidney disease, cognitive decline, and subclinical cardiovascular disease in an 

extensively studied population-based cohort. 

Methods 

Samples 

The Diabetes Heart Study (DHS) is a family-based study examining risk for 

macrovascular and other complications in T2D. Briefly, the DHS includes siblings 

concordant for T2D but without advanced renal insufficiency. When possible, unaffected 

siblings were also recruited. Subjects were recruited from western North Carolina 

between 1998 and 2005. T2D was clinically defined as diabetes developing after the age 

of 35 years and initially treated with oral agents and/or diet and exercise, in the absence 

of historical evidence of ketoacidosis. Diagnoses were confirmed by measurement of 

fasting blood glucose and glycosylated hemoglobin (HbA1c). Extensive measurements of 

CVD risk factors were obtained during baseline exams. Extensive examinations 

including interviews for medical history and health behaviors, anthropometric measures, 
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resting blood pressure, electrocardiography, fasting blood sampling and spot urine 

collection were performed. Ascertainment and recruitment have been previously 

described in detail [Bowden, et al. 2010; Bowden, et al. 2008; Lange, et al. 2002; 

Wagenknecht, et al. 2001]. Individuals reported history of prior CVD based on prior 

event (angina, myocardial infarction, stroke) and/or intervention (coronary angiography, 

coronary artery bypass grafting, carotid endarterectomy). Coronary artery calcified 

plaque (CAC), carotid artery calcified plaque (CarCP) and infra-renal abdominal aortic 

calcified plaque (AACP) were measured using fast-gated helical CT scanning, and 

calcium scores calculated as previously described and reported as an Agatston score 

[Carr, et al. 2000; Carr, et al. 2005]. Carotid IMT was measured by high-resolution B-

mode ultrasonography with a 7.5-MHz transducer and a Biosound Esaote (AU5) 

ultrasonography machine (Biosound Esaote, Inc., Indianapolis, IN) as previously 

described [Lange, et al. 2002]. 

The DHS MIND study is an ancillary study to the DHS with the purpose of 

investigating the relationships between cognitive function, brain imaging, and vascular 

disease in T2D. Participants from the original DHS investigation were re-examined on 

average 6.7 ± 1.6 years after their initial visit. Participant examinations were conducted 

in the General Clinical Research Center of the Wake Forest Baptist Medical Center. The 

current cognitive and brain image analyses are based on a subset of 504 participants 

returning from the baseline DHS exam with measured phenotypes from the DHS MIND 

study visit and 312 additional individuals recruited for the DHS MIND study. For these 

analyses level of educational attainment was classified as less than high school, high 

school, or greater than high-school based on self-report by participants. Study protocols 

were approved by the Institutional Review Board at Wake Forest School of Medicine and 
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all study procedures were carried out in accordance with the Declaration of Helsinki. All 

participants provided written informed consent before participation. 

Neuroimaging 

Neuroimaging scans were performed as previously described [Raffield, et al. 

2014]. Briefly, the MRI was performed on a 1.5-T EXCITE HD scanner with twin-speed 

gradients using a neurovascular head coil (GE Healthcare, Milwaukee, WI). Structural 

T1 images were segmented into grey matter (GM), white matter (WM), and 

cerebrospinal fluid (CSF), normalized to Montreal Neurologic Imaging (MNI) space, and 

modulated with the Jacobian determinants of the warping procedure. Intracranial volume 

(ICV (GM+WM+CSF), total brain volume (TBV) (GM+WM), grey matter volume (GMV) 

(GM), and white matter volume (WMV) (WM) were determined from the automated 

segmentation procedure. Diffusion tensor imaging was used to measure fractional 

anisotropy (FA) and mean diffusivity (MD). Cerebral blood flow (CBF) processing images 

were generated using a fully automated data processing pipeline as previously 

described [Maldjian, et al. 2008]. White matter lesion segmentation as performed using 

the lesion segmentation toolbox [Schmidt, et al. 2012]. Total white matter lesion volume 

(WMLV) was determined by summing the binary lesion maps and multiplying by the 

voxel volume. 

Cognitive Testing 

In the DHS MIND, participants were administered a battery of cognitive tests as 

described previously [Hugenschmidt, et al. 2013]. Briefly, these tests included the Digit 

Symbol Substitution Test (DSST) [Wechsler 1981] in which performance was defined as 

the number of correct responses within 2 min. The Controlled Oral Word Association 

Test (COWA) [Benton, et al. 1994; Strauss, et al. 2006] tested the metric of Phonemic 
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Fluency by the sum of words generated for three different letters (F, A, S) while 

Semantic Fluency was measured as the sum of words generated for two different 

categories (kitchen, animals). The Stroop test [Houx, et al. 1993] measured the 

response time difference between subtest 2 and subtest 3 with the number of errors 

from each subtest added to the time scores. The Rey Auditory-Verbal Learning Test 

(RAVLT) [Lezak, et al. 2004] measured the sum of words remembered across the first 5 

trials. Also included in the battery of tests was the Modified Mini-Mental State 

Examination (3MSE) [Teng and Chui 1987]. Not all measurements were available in all 

participants. 

Advanced Glycation End Products 

Total serum AGEs were measured using a competitive enzyme linked 

immunosorbant assay (ELISA) (Lifeome Biolabs; Oceanside, CA). The ELISA was run 

according to the manufacturer’s recommendations using previously frozen serum. The 

ELISA uses a monoclonal antibody that is specific to AGEs. This ELISA has a minimum 

detectable dose of AGEs less than 35.2 ng/ml. Intra-assay and inter-assay precision was 

2.0% and 22.5%, respectively. 

Statistical Analysis 

All statistical analyses were run using SAS v. 9.3 (SAS Institute Inc. Cary, N.C.). 

Continuous variables were transformed prior to analysis to approximate conditional 

normality. Age, gender, T2D-affection status, T2D medication use, smoking and pulse 

pressure were used as covariates in all epidemiological, CVD, and kidney function 

analyses with the exception of age, body mass index (BMI), and gender which included 

no covariates, as well as T2D status and T2D duration which included age, gender, 

smoking, and pulse pressure. An additional covariate, cholesterol medication use, was 
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also included for the blood lipid traits. For the analyses of the cognitive function traits, 

age, gender, T2D status, and education attainment level were included as covariates. 

Age, gender, T2D status, education attainment level, and total intercranial volume were 

used as covariates in the brain imaging traits. Analyses with all traits were run in the 

entire cohort as well as the T2D only subset and the non-T2D subset. Statistical 

significance was set at p < 0.05. 

Results 

Demographics 

Demographics of the individuals included in this study are shown in Table I. 

Briefly, the average age was 66 years old and just over half of them were female 

(approximately 53%). The individuals were on average overweight or obese with an 

average BMI of 32.6kg/m2. Approximately 87% of the individuals were affected by T2D 

with an average duration of 15.3 years. The DHS and DHS MIND participants have 

characteristics that are broadly representative of T2D-affected patients in the general 

population: older, relatively obese, and with significant risk factors and history of CVD 

and kidney function decline. 

Epidemiological Associations 

We investigated potential associations with a variety of anthropometric and 

laboratory traits. Table II shows the results from this analysis. Analyses were carried out 

in several different strata of the DHS/DHS MIND cohort: all subjects (T2D + unaffected), 

T2D-affected only, T2D-unaffected only. We did not observe any associations with any 

of the traits in the entire cohort. AGEs were not associated with either T2D status 

(p=0.55), T2D duration (p=0.95), fasting glucose (p=0.92), or HbA1c (p=0.61). In the 

T2D-affected subset, we also did not find any significant associations with any of the 
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traits. We did see that AGEs were significantly associated with increased total 

cholesterol (p=0.049) and increased BMI (p=1.87x10-14) in the unaffected subset. We did 

not observe any significant associations with any other traits including age, gender, 

smoking, high density lipoprotein (HDL), low density lipoprotein (LDL), or T2D 

medication or statin use. 

Cardiovascular and Kidney Trait Associations 

The main objective of this study was to investigate the association of AGEs with 

common comorbidities of T2D including CVD and kidney disease. To investigate these 

diseases we used measures of subclinical disease. Similar to the anthropometric results 

we did not observe any significant associations with any traits in the entire cohort or in 

the T2D-only subset (Table III). 

CVD traits analyzed included CAC (p=0.20 and 0.43, all and T2D-only, 

respectively), CarCP (p=0.86 and 0.97, respectively), AACP (p=0.19 and 0.12), and IMT 

(p=0.26 and 0.44). However, in the non-T2D subset we saw associations between 

increased AGEs and increased CAC (p=0.038) as well as with increased CarCP 

(p=4.50x10-5). We did not observe any association with AACP or IMT. 

We analyzed two traits representative of kidney function, estimated glomerular 

filtration rate (eGFR) and albumin to creatinine ratio (ACR). Decreased eGFR was found 

to be associated with increased AGE levels in individuals without T2D (p=0.0038) as 

shown in Table III, but was not associated in either of the other analyses. ACR was not 

found to be associated in the entire cohort or in either of the subsets (p=0.62 all, p=0.65 

T2D, p=0.92 non-T2D). 

Brain Imaging and Cognitive Function Associations 
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In addition to CVD and kidney disease, we also investigated cognitive function 

and brain MRI measures. Only one of the cognitive function tests showed any 

association with AGEs (Table IV). Increased AGEs were associated with lower scores 

on the digit symbol substitution test (p=0.04) in individuals without T2D. No other tests 

(tests for Phonemic or Semantic Fluency, 3MSE, the Stroop test, and the RAVLT) were 

significant in any of the subsets. 

Similarly, only one of the brain MRI traits was associated with AGEs. Increasing 

AGEs were associated with decreased grey matter volume in individuals without T2D. 

However, we did not see any other significant associations with white matter volume, 

total brain volume, white matter lesion volume, white matter or grey matter fractional 

anisotropy, white matter or grey matter mean diffusivity, or cerebral blood flow. 

Discussion 

The current study found associations with a range of traits. These traits included 

T2D and CVD risk factors, total cholesterol, and increased BMI (Table II). We also 

observed striking associations with T2D comorbidity traits such as increased CAC, 

increased CarCP, and decreased eGFR (Table III). Lastly we observed a few nominal 

associations with cognitive and brain imaging traits suggesting a potential role in 

cognitive decline (Table IV). Interestingly each of these associations was found in 

individuals not affected by T2D. We did not observe any associations in the T2D affected 

subset. Some of the results from this current study are consistent with prior studies while 

others are novel. 

Advanced glycation end products have a long history of being associated with a 

variety of traits and diseases. AGEs have been reported to be associated with a number 

of anthropomorphic traits, such as, age [Jiang, et al. 2012; Lopes-Virella, et al. 2012], 
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BMI, and waist to hip ratio [Amin, et al. 2011], gender [B. K. Kilhovd 2007; Jiang, et al. 

2012] as well as a range of CVD risk factors including, measures of blood pressure 

[Sourris, et al. 2014], smoking [Fukushima, et al. 2013], and LDL cholesterol [Lopes-

Virella, et al. 2012]. However, the literature base is very complicated. Part of the reason 

for this complication is there is no consistent standard method of detecting AGEs, 

internal standards, nor standardized unit of measurements that are universally accepted 

[Singh, et al. 2001]. Multiple studies have suggested there is no association between 

AGEs and blood pressure [Fukushima, et al. 2013; Lopes-Virella, et al. 2012]. Lopes-

Virella also found no association between AGEs and BMI [Lopes-Virella, et al. 2012]. As 

an example, this has led to mixed associations such as with HbA1c. Llauradó et al. and 

Turk et al. showed that AGEs were highly associated with HbA1c, while another study 

performed by de Vos et al. found that they were not associated [de Vos, et al. 2014; 

Llaurado, et al. 2014; Turk, et al. 1998]. A second problem with the AGE associations 

stems from the heterogenous nature of AGEs. Multiple studies have investigated two or 

more measures of AGEs have found differing results. Jiang et al. found that CML levels 

were significantly different in patients on peritoneal dialysis as compared to those on 

hemodialysis. However, they saw no statistical difference in global AGE levels [Jiang, et 

al. 2012]. In a study investigating individuals with type 1 diabetes with or without 

macroalbuminuria, van Eupen et al. found that CML and pentosidine levels were 

associated with macroalbuminuria and retinopathy while Nε-carboxyethyl lysine (CEL) 

and tetrahydropyrimidine levels wer not [van Eupen, et al. 2013]. A third study by Nin et 

al. found different association patters between CEL, CML, pentosidine, and AGE levels 

with CVD mortality or all-cause mortality [Nin, et al. 2011]. Kilhovd et al. showed an 
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association with serum AGEs and individuals with T2D and coronary heart disease, but 

did not see an association with CML [Kilhovd, et al. 1999]. 

Conclusions 

Advanced glycation end products have a complicated history of associations with 

a range of traits and diseases. This study increased the knowledge of AGEs and their 

function in human disease. This study along with the prior literature suggests that AGE 

associations with traits and diseases are complex and require advanced and specific 

measures of different AGEs. 
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Table I. Demographic Characteristics of DHS and DHS MIND Samples 

 All DHS DHS MIND 
N 816 504 312 

Age ± SD 66.0±9.9 67.7±8.9 63.1±10.6 
N Female (%) 436 (53.4) 279 (54.8) 157 (48.9) 

BMI ± SD 32.6±6.8 31.5±6.6 34.2±6.9 
T2D Affected (%) 709 (86.9) 399 (69.8) 310 (96.6) 

T2D Duration ± SD 15.3±7.7 16.6±6.6 13.7±8.7 
Fasting Glucose ± SD 141.5±54.6 134.0±49.6 153.7±59.9 

HbA1c ± SD 7.30±1.44 7.12±1.34 7.59±1.57 
History of Smoking (%) 436 (53.4) 275 (48.1) 161 (50.2) 

AGEs ± SD 40.9±19.1 40.7±20.2 41.2±17.0 
CAC ± SD 1101±2140 1245±2215 N/A 

CarCP ± SD 226±597 252±626 N/A 
AACP ± SD 7922±11912 8648±12139 N/A 
IMT ± SD 0.66±0.13 0.67±0.13 N/A 

Prior History of CVD (%) 278 (34.1) 164 (28.7) 114 (35.5) 
eGFR ± SD 69.2±19.6 69.5(20.5) N/A 
ACR ± SD 77.4±465.7 77.4±465.7 N/A 

Cholesterol ± SD 183.1±46.0 180.1±47.9 194.4±35.6 
HDL ± SD 42.9±12.6 41.5±12.2 48.3±12.8 
LDL ± SD 102.9±34.4 99.5±34.7 114.9±30.7 

Triglycerides ± SD 189.7±131.3 198.8±142.2 155.8±67.7 
Pulse Pressure ± SD 58.4±6.5 61.1±16.1 54.1±16.3 

Hypertension (%) 703 (86.2) 438 (76.6) 265 (82.6) 
Education < High School Diploma (%) 116 (14.3) 87 (17.3) 29 (9.4) 
Education High School Diploma (%) 382 (47.1) 270 (53.8) 112 (36.2) 

Education > High School Diploma (%) 313 (38.6) 145 (28.9) 168 (54.4) 
Phonemic Fluency 29.9±11.8 28.7±11.7 31.7±11.7 
Semantic Fluency 31.0±8.5 29.9±8.0 32.9±9.0 

Modified Mini-Mental State ± SD 91.2±6.9 90.6±7.1 92.2±6.4 
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Stroop ± SD 34.0±19.4 35.9±20.3 31.0±17.6 
Digit symbol substitution test ± SD 50.4±16.0 47.7±15.2 54.8±16.3 

Rey Auditory Verbal Learning Test ± SD 41.2±10.2 41.5±10.3 40.6±10.0 
Total Grey Matter Volume ± SD 518.1±55.7 508.3±52.2 535.9±57.4 
Total White Matter Volume ± SD 572.3±55.7 575.2±72.7 567.0±68.6 

Total Brain Volume ± SD 1090.3±144.5 1083.5±115.6 1102.6±111.7 
White Matter Lesion Volume ± SD 4.8±8.6 4.6±7.0 5.2±10.7 

White Matter Fractional Anisotropy ± SD 0.35±0.02 0.36±0.02 0.33±0.03 
Grey Matter Fractional Anisotropy ± SD 0.20±0.02 0.21±0.02 0.18±0.03 

White Matter Mean Diffusivity ± SD 0.80±0.04 0.80±0.04 0.80±0.5 
Grey Matter Mean Diffusivity ± SD 1.10±0.09 1.10±0.08 1.09±0.09 

Cerebral Blood Flow ± SD 43.3±15.7 44.7±15.8 39.7±14.8 
 

Data shown are mean ±SD, unless specified otherwise. 
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Table II. Association Results of Biometric and Laboratory Traits 

 All T2D-Only Non-T2D 
Trait P-value β-value/OR P-value β-value/OR P-value β-value/OR 

HbA1c 0.61 0.003 0.71 0.003 0.41 0.01 
Fasting Glucose 0.92 -0.001 0.73 -0.004 0.07 0.02 

T2D Status* 0.55 1.003 N/A N/A N/A N/A 
T2D Duration 0.95 0.05 0.95 0.05 N/A N/A 

Age 0.19 -1.20 0.10 -1.58 0.84 -0.56 
BMI 0.16 0.08 0.15 0.09 1.87x10-14 0.74 

Gender* 0.29 2.28 0.27 2.26 0.71 3.33 
Smoking* 0.43 2.36 0.59 2.47 0.25 1.72 

Cholesterol 0.47 0.007 0.86 0.002 0.049 0.05 
HDL 0.21 0.11 0.37 0.08 0.44 0.18 
LDL 0.13 5.57 0.10 7.55 0.06 16.68 

Triglycerides 0.25 -0.03 0.28 -0.03 0.60 0.03 
Statin Use* 0.13 0.78 0.15 0.77 0.80 0.87 

Diabetes Medication Use* 0.99 1.00 0.70 0.91 N/A N/A 
 

BMI – Body Mass Index, HDL – High Density Lipoprotein cholesterol, LDL – Low Density Lipoprotein cholesterol. Bold indicates 

statistical significance. * - Effect size reported as odds ratio (OR) 
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Table III. Association Results of Subclinical CVD and Kidney Function Traits 

 All T2D-Only Non-T2D 
Trait P-value β-value P-value β-value P-value β-value 
CAC 0.20 0.13 0.43 0.49 0.038 0.55 

CarCP 0.86 -0.02 0.97 0.01 4.50x10-5 0.54 
AACP 0.19 -7.09 0.12 -9.73 0.82 -2.67 
IMT 0.26 0.0004 0.44 0.003 0.10 0.008 

eGFR 0.15 0.02 0.66 -0.01 0.0038 -0.06 
ACR 0.62 0.04 0.65 0.04 0.92 -0.01 

 

CAC – Coronary Artery Calcification, CarCP – Carotid Artery Calcification, AACP – Abdominal Aorta Calcification, IMT – Intima 

Media Thickness, eGFR – estimated Glomerular Filtration Rate, ACR – Albumin/Creatinine Ratio. Bold – indicates statistical 

significance 
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Table IV. Association Results of Cognitive Function and Brain Imaging Traits 

 All T2D-Only Non-T2D 
Trait P-value β-value P-value β-value P-value β-value 

Phonemic Fluency 0.97 -0.03 0.90 -0.12 0.99 0.03 
Semantic Fluency 0.54 -0.44 0.71 -0.29 0.89 -0.21 

Modified Mini-Mental State Test 0.22 -0.74 0.29 -0.65 0.30 -1.18 
Stroop Test 0.47 0.03 0.83 0.01 0.46 0.10 

Digit Symbol Substitution Test 0.50 -0.74 0.75 -0.38 0.04 -6.58 
Rey Auditory Verbal Learning Test 0.07 -1.45 0.12 -1.29 0.16 -3.04 

Total Grey Matter Volume 0.20 -3.04 0.46 -1.86 0.03 -14.63 
Total White Matter Volume 0.59 1.32 0.64 1.24 0.10 12.27 

Total Brain Volume 0.51 -1.42 0.52 -1.51 0.34 -14.57 
White Matter Lesion Volume 0.42 0.069 0.43 0.07 0.44 0.19 

White Matter Fractional Anisotropy 0.15 -0.003 0.14 -0.004 0.24 0.006 
Grey Matter Fractional Anisotropy 0.87 -0.0004 0.67 -0.001 0.08 0.007 

White Matter Mean Diffusivity 0.90 -0.0005 0.71 -0.001 0.86 -0.002 
Grey Matter Mean Diffusivity 0.81 -0.001 0.90 -0.0007 0.93 0.001 

Cerebral Blood Flow 0.69 0.05 0.39 0.12 0.26 -0.30 
 

Bold – indicates statistical significance. 
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Chapter VII 

SUMMARY AND CONCLUSIONS 

Type 2 diabetes (T2D) is a disease that is characterized by high blood glucose. 

As a complex disease, T2D is influenced by a number of environmental, lifestyle, and 

genetic factors. Over 29 million Americans are affected by diabetes and the prevalence 

has been increasing in recent decades [Centers for Disease Control and Prevention 

2014b]. T2D leads to a number of comorbidities including cardiovascular disease (CVD), 

end-stage kidney disease (ESKD), and decline in cognitive function. CVD is the leading 

cause of mortality in the US. With the exception of one year, the leading cause of death 

each year since 1900 was CVD. CVD is the most common complication associated with 

T2D with more than 50% of individuals with T2D had coronary heart disease, stroke, or 

cardiac disease [Bowden, et al. 2010]. T2DM is an independent risk factor for 

development of CVD with the relative risk of CVD mortality of 2.1 in men and 4.9 in 

women, relative to non-T2DM affected individuals [1999; Kannel and McGee 1979]. In 

addition to CVD, ESKD is a common outcome in T2D. Almost half of kidney failure cases 

can be attributed to diabetes [Centers for Disease Control and Prevention 2014b]. Each 

of these diseases is a multifactorial disease influenced by complex interactions of 

genetics, environment, and lifestyle. 

The overall goal of this study was to gain further insight into the origin of diabetes 

complications. This objective was approached in a number of ways. First we investigated 

genetic risk of T2D and diabetic complications. An extensive body of evidence led us to 

investigate a specific gene, haptoglobin, to determine its impact on T2D, CVD, and 

ESKD in two different ethnicities. Next, we looked more globally at CVD genetics as we 

attempted to determine which variants increase CVD risk in individuals with T2D. Finally, 
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we investigated whether AGEs, as measured by an ELISA, are the causal link between 

the high blood glucose of T2D and diabetic complications. We measured AGEs in a 

population enriched for T2D and investigated the relationship between AGE levels and 

measures of subclinical CVD. 

Haptoglobin 

In this study we investigated the contribution of a common duplication in the 

haptoglobin (HP) gene to T2D, CVD, and ESKD. HP duplication genotyping was 

performed using paired polymerase chain reactions (PCR). T2D status and CVD 

associations were investigated in the Diabetes Heart Study (DHS). The DHS is a family-

based cohort of European Americans enriched for individuals affected by T2D. T2D and 

ESKD risk was investigated in a cohort of unrelated African Americans. 

Many studies have shown association of HP with CVD events and mortality, 

however, the prior literature is characterized by inconsistent and sometimes 

contradictory results. In Chapter II we investigated potential associations with subclinical 

CVD. We did find that individuals with the risk genotype (HP 2-2) had increased carotid 

IMT which is a risk factor for CVD events. In addition we showed that HP 2-2 could 

influence an individual’s CVD risk by being associated with decreased triglycerides. In 

addition to CVD risk, we also showed the duplication was associated with T2D risk in 

this European American sample. Haptoglobin genotype has been reported to be 

associated with T2D in several different ethnicities [Quaye, et al. 2006; Shi, et al. 2012; 

Stern, et al. 1986]. This was the first time this was performed in European Americans. 

We observed that the HP 2-2 genotype was associated with T2D risk (OR=1.49). 

This study, along with the prior reports, led us to investigate the influence of HP 

on T2D in African Americans. There is a potential biological mechanism of how HP can 
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increase risk for T2D. It has been shown that the HP 1 and HP 2 alleles lead to different 

levels of circulating HP protein [De Bacquer, et al. 2001; Froguel, et al. 2012]. Increased 

levels of HP circulating in the blood have been associated with several traits relating to 

T2D including, metabolic syndrome, high blood pressure, and elevated glucose 

[Hamalainen, et al. 2012]. However, we did not observe any association between HP 

and T2D status. In this study we also had the ability to investigate ESKD. However, once 

again we did not observe any significant association. In order to carry out these 

experiments I had to implement an entirely new technical approach for the laboratory: 

using DNA methylation patterns to infer age of individuals from their DNA (Appendix III).  

In Chapters II and III we investigated HP for association with T2D, CVD, and 

ESKD. We showed that the common duplication within HP is a risk factor for both T2D 

and diabetic CVD in European Americans, but it is not a risk variant for T2D or diabetic 

ESKD in African Americans. 

Genetic Analysis 

Genetic information from prior DHS GWAS and exome chip genotyping was used 

to investigate the genetics of CVD risk in a population of individuals with T2D. This study 

was performed to expand upon studies performed in the Cohorts for Heart and Aging 

Research in Genomic Epidemiology (CHARGE) Consortium [Bis, et al. 2011; O'Donnell, 

et al. 2011]. These CHARGE studies were performed in a population-based cohort and 

contained less than 10% of T2D affected individuals. We attempted to determine if 

genetic variants that increase CVD risk in the general population also increased risk in 

individuals with T2D. 

In the first stage of this analysis we identified the top associated SNPs from the 

CHARGE studies for which we had genotype data in the DHS. We did not observe any 
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statistical significant associations with any of these SNPs after correcting for the number 

of comparisons. However, several nominal associations were seen with SNPs near 

PSRC1, PIK3CG and CELSR2 with subclinical CVD and SNPs in COL4A2 and near 

CXCL12 with mortality. We then expanded these findings to exonic SNPs in genes 

implicated as potential risk genes. We further investigated the genes implicated by the 

CHARGE studies by genotyping exonic SNPs from the NHLBI GO-ESP database and 

the DHS exome chip. We found a number of significant associations with a variety of 

lipid traits subclinical CVD traits. 

In the final stage we assessed whether genetic risk scores (GRS) of CHARGE 

SNPs associated with coronary artery calcified plaque (CAC) or CAC and myocardial 

infarction (MI) provides a useful tool to predict CAC or CVD in the DHS. We found that 

GRS containing CAC risk SNPs or SNPs associated with increased CAC and MI were 

associated with CVD events in the DHS. This indicates that CAC risk SNPs have 

potential to be used for identification of CVD risk in populations enriched for T2DM.  

In Chapter IV we expanded upon the findings from a large population-based 

cohort into one enriched for individuals with T2D. Through this study we have identified 

additional genetic variants that increase risk for CVD in T2D. 

Advanced Glycation End Products 

Genetic associations with advanced glycation end products (AGEs) were 

investigated in the DHS. AGEs were measured using enzyme linked immunosorbant 

assay (ELISA). AGEs were also investigated for associations with T2D complications 

including kidney function, CVD, and cognitive decline in the DHS. 

The results of this study are consistent with previous research and show that 

circulating AGE levels quantitated by ELISA are highly heritable (h2=0.628), suggesting 
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that there is a substantial genetic component to this measure. We attempted to identify 

genetic variants that could impact that amount of circulating AGEs. We started by 

identifying a number of candidate genes including genes containing previously 

associated SNPs and genes that code for AGE receptors. While we did not observe any 

associations that reach statistical significance based upon the number of comparisons, 

we did find some interesting nominal associations. We then expanded our genetic 

investigation to the entire genome using genotyping data from a GWAS chip and an 

exome chip. This provides us with over 400,000 genetic variants to investigate. While we 

did not find any significant associations, we did observe several nominal associations 

that are potentially interesting for follow-up. The top hit SNP is an intronic SNP in the 

PALLD gene (rs17054480, p=7.77x10-7). Three additional SNPs with p-values of less 

than 1.00x10-5 (rs11159086, p=2.70x10-6; rs4899514, p=4.18x10-6; rs1029701, 

p=9.11x10-6) surround the NPC2 and ISCA2 genes. There does not appear to be much 

biological evidence to indicate how these genes or SNPs are impacting AGE levels. 

In addition to the genetic influences on AGEs, we also attempted to determine 

whether AGEs could be a biochemical intermediate between T2D and diabetic 

complications such as CVD, kidney function, and cognitive decline as determined 

through cognitive function tests and neuroimaging scans. While AGEs are generally 

increased in individuals with T2D, we did not observe a significant association with T2D 

status in this study. We did however find associations with a range of traits including 

known T2D and CVD risk factors total cholesterol and increased BMI. We also observed 

striking associations with common T2D comorbidity traits such as increased CAC, 

increased carotid artery calcified plaque (CarCP), and decreased estimated glomerular 

filtration rate (eGFR). Lastly, we observed a few nominal associations with cognitive and 
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brain imaging traits suggesting a potential role in cognitive decline. However, our 

findings showed an interesting association pattern. Each of the observed associations 

was found in individuals not affected by T2D. We did not observe any associations in the 

entire cohort (T2D and Non-T2D) or in the T2D-affected subset. 

In Chapters V and VI we have expanded the knowledge of AGEs. We have 

performed the first GWAS of AGEs and found a number of genetic variants that may 

play a part in regulating circulating AGEs. We also identified AGEs as a potential 

biochemical intermediate between blood glucose and traits that are common 

complications in individuals with T2D. 

Conclusions and Future Directions 

In the studies of this thesis we observed a number of novel results. We found HP 

to be associated with CVD and T2D in EA, but not T2D or ESKD in AA. CVD risk SNPs 

identified in a population-based cohort play a part in increasing risk for diabetic CVD. 

AGEs are associated with a number of T2D risk factors and common T2D comorbidities. 

However, AGEs were not associated with T2D itself or any traits in individuals with T2D. 

AGEs were found to be highly heritable, but no genetic variants were found that 

contributed a significant impact on circulating AGE levels. 

There are several limitations to these studies. The main limitation to some of 

these studies is the sample size, particularly in the AGE studies. A limited number of 

individuals in the DHS had both AGE measurements and genotype data. This limits our 

power for the GWAS and exome chip studies. In addition, only about 500 of the 816 

individuals with AGE measurements also had measures of subclinical CVD, kidney 

function, and cognitive function. Also, due to the sample size limits we had only 

moderate power to detect associations with dichotomous traits in Chapter IV. Another 
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limitation is that the examinations in the DHS did not have an “ideal” control population. 

The individuals without T2D often still had greatly increased risk factors for T2D, CVD, 

and kidney disease. This could potentially limit the effect that we can observe. 

Overall, the goals of this study were to identify genetic variants that increase risk 

for T2D and diabetic complications and to investigate AGEs as a possible biochemical 

link between the high blood glucose that characterizes T2D and CVD. The studies that 

are part of this thesis have identified genetic variants including the HP duplication as well 

as common and coding variants that increase risk for diabetic CVD and other diabetic 

complications. In addition the findings from the AGE studies suggest that they may be a 

biochemical intermediate between blood glucose and CVD. 

AGEs are a very heterogeneous group of molecules. There are many different 

proteins, lipids, and nucleic acids that can be glycated and become AGEs. In this thesis 

we investigated global AGE levels. However, several studies have shown different 

results from different AGE molecules [Jiang, et al. 2012; Kilhovd, et al. 1999; Nin, et al. 

2011; van Eupen, et al. 2013]. More specific measures of individual AGE species need 

to be determined through high-performance liquid chromatography (HPLC) or matrix-

assisted desorption mass spectrometry (MALDI/MS). This will allow us to get a better 

understanding of the impact of AGEs on diabetic CVD and other diabetic complications. 
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Appendix I 

SNP Genotyping Under the 16p Linkage Peak in the Diabetes Heart Study 

 

Jeremy N. Adams, Barry I. Freedman, Carl D, Langefeld, Maggie C. Y. Ng, J. Jeffery 
Carr, Amanda J. Cox, Donald W. Bowden 
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Introduction 

A previous study in the Diabetes Heart Study (DHS) reported a linkage peak for 

coronary artery calcified plaque (CAC) on the P-arm of chromosome 16 at 8.4 cM 

(centimorgans) [Bowden, et al. 2008]. Additional fine-mapping refined this linkage peak 

into two separate peaks at 6.9 cM and 16.0 cM [Lehtinen, et al. 2011]. Candidate gene 

association analysis has found some marginally significant associations with CAC, 

carotid artery calcified plaque (CarCP), abdominal aorta calcified plaque (AACP), and 

carotid intima media thickness (IMT) [Lehtinen, et al. 2011]. A study investigating ankle-

brachial index (ABI), a measure of peripheral artery disease (PAD), observed a linkage 

peak on 16p at 50.6 cM [Kullo, et al. 2006]. One particular gene of interest, ABCA3, falls 

under the linkage peak identified by Bowden et al. [Bowden, et al. 2008]. ABCA3 is an 

ATP-Binding Cassette Sub-Family A member. ABCA3 is involved in regulating lipid 

transport and membrane transport [Mulugeta, et al. 2002] and functions in surfactant 

biogenesis [Ban, et al. 2007]. Mutations in this gene and low levels of ABCA3 protein 

have been shown to be associated with a variety of respiratory and lung diseases 

including respiratory distress and failure in newborns [Agrawal, et al. 2012; Goncalves, 

et al. 2014; Wambach, et al. 2012], surfactant deficiency [Moore, et al. 2014], and 

pediatric interstitial lung disease [Bullard, et al. 2005]. The biological function and 

location under the linkage peak suggest that ABCA3 may be a good candidate gene to 

study cardiovascular disease (CVD) risk. 

Methods 

Subjects 

The DHS evaluates the genetic and epidemiological causes of CVD in individuals 

with type 2 diabetes (T2D). Ascertainment, recruitment, and examination have been 
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described in detail [Bowden, et al. 2008]. Briefly, siblings with T2D and without advanced 

nephropathy were recruited, with unaffected siblings also recruited when possible. T2D 

was defined as diabetes developing after 35 years of age, with initial treatment using a 

combination of, exercise and/or oral agents, not solely insulin, and in the absence of 

historical evidence of ketoacidosis. Diabetes diagnosis was confirmed upon entrance to 

the study by measurement of fasting glucose and glycated hemoglobin (HbA1C) testing. 

The 1,220 European American individuals included in this analysis were from 473 

families.  

Clinical Evaluation 

Study protocols were approved by the Institutional Review Board at Wake Forest 

School of Medicine. Participants provided written informed consent prior to participation. 

Examinations were conducted in the General Clinical Research Center of the Wake 

Forest Baptist Medical Center and included interviews for medical history and health 

behaviors, anthropometric measures, resting blood pressure, electrocardiography, 

fasting blood sampling for laboratory analyses (blood lipid profile, fasting glucose, 

HbA1C, and high-sensitivity C-reactive protein (CRP)), and spot urine collection. 

Individuals were considered hypertensive if they were prescribed anti-hypertensive 

medication or had blood pressure measurements exceeding 140 mmHg (systolic) or 90 

mmHg (diastolic). 

Coronary artery calcified plaque, carotid artery calcified plaque, and abdominal 

aorta calcified plaque were measured using fast-gated helical computed tomography 

(CT) scanning, and calcium scores were computed as previously described and reported 

as Agatston scores [Carr, et al. 2000; Carr, et al. 2005]. Carotid intima media thickness 

(IMT) was measured by high-resolution B-mode ultrasonography with a 7.5-MHz 
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transducer and a Biosound Esaote (AU5) ultrasonography machine (Biosound Esaote, 

Inc., Indianapolis, IN) as previously described [Lange, et al. 2002]. Not all measurements 

were available in all participants. 

Vital status was determined from the National Social Security Death Index 

maintained by the United States Social Security Administration. For those participants 

confirmed as deceased, length of follow-up was determined from date of the initial study 

visit to date of death [Agarwal, et al. 2013; Agarwal, et al. 2011]. For deceased 

participants, copies of death certificates were obtained from relevant county Vital 

Records Offices to confirm cause of death. For all other participants the length of follow-

up was determined from the date of the initial study visit to January 1, 2011. Causes of 

death were categorized based on information contained in death certificates as CVD-

related (myocardial infarction, congestive heart failure, cardiac arrhythmia, sudden 

cardiac death, peripheral vascular disease, and stroke) or either cancer, infection, end-

stage kidney disease, accidental, or other (including obstructive pulmonary disease, 

pulmonary fibrosis, liver failure, and Alzheimer’s dementia). 

SNP Genotyping 

Exonic variants from the region defined by the previous 16p linkage region 

[Bowden, et al. 2008] that were contained in the National Heart Lung and Blood Institute 

Grand Opportunity Exome Sequencing Project (NHLBI GO-ESP) were extracted. Coding 

SNPs, with an emphasis on those identified as possibly damaging or probably damaging 

by PolyPhen2 [Adzhubei, et al. 2010] with a minor allele frequency (MAF) less than 0.05, 

were selected for genotyping. Additional SNPs from the ApoB gene meeting the same 

criteria were also selected. A total of fourty-one single nucleotide polymorphisms (SNPs) 

were genotyped in the DHS (Supplementary Table I). Genotyping was performed using 
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the Sequenom Mass ARRAY genotyping system (Sequenom, San Diego, CA) and PCR 

primers were designed using the Mass ARRAY Assay Design 3.4 Software (Sequenom). 

An additional 41 quality control (QC) samples were included in the genotyping analysis 

to serve as blind duplicates. The concordance rate for the blind duplicates was 100%. 

For all SNPs the minimum acceptable call frequency was 95%. Eleven SNPs were 

monomorphic. Samples with genotyping efficiency rates <90% (n=31) were excluded 

from further analysis. Thirty SNPs, genotyped in 1189 samples, were carried forward to 

analysis after QC. 

Statistical Analysis 

Allele frequencies were calculated for a sub-set of unrelated individuals and 

departure from HWE was calculated from a group of unrelated samples using a chi-

squared goodness-of-fit test implemented in PLINK v1.07. Association between the SNP 

genotypes and CVD measures was examined using variance component methods 

computed using SOLAR v. 4.3.1 (Texas Biomedical Research Institute, San Antonio, TX, 

USA) which accounted for family structure. Each trait was examined using additive, 

dominant, and recessive models of inheritance. Continuous variables were transformed 

prior to analysis to approximate conditional normality. Age, gender, T2D-affection status, 

and body mass index (BMI) were used as covariates in all single variant association 

analyses. Additional covariates (e.g. cholesterol medication use, T2D duration, and 

smoking) were also tested, but did not meaningfully impact the results. Statistical 

significance for all analyses was calculated using Bonferroni correction for the number of 

SNPs included in the analysis and was set at 1.67x10-3 (0.05/30). 

Results and Conclusions 
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Demographics are shown in Table I. The mean age of the individuals was 61.5 

years at examination. 989 (75.5%) were T2D-affected with an average T2D duration of 

10.4 years, the mean BMI approached 32 kg/m2, and slightly more than 50% (639) were 

female. 957 (80.5%) had hypertension and 41.6% (495) were current or past smokers. 

At the time of follow-up 39% (464) of individuals reported a history of CVD and 222 

(18.4%) had died (99 from CVD causes). The characteristics of the DHS samples are 

broadly representative of T2D-affected patients in the general population: older, 

relatively obese, and with significant risk factors and history of CVD.  

First, we analyzed the SNPs with subclinical CVD traits. The top results are 

shown in Table II. None of the genotyped SNPs reached stringent statistical significance. 

The most significant result was rs4987018 in the gene MSRB1 with decreased CAC 

(p=0.01, β=-2.47). Two SNPs in the ABCA3 gene showed nominal association with 

subclinical CVD traits. rs35161127 showed nominal association with IMT (p=0.02, β=-

0.14), while rs45487892 showed nominal association with biventricular volume (p=0.02, 

β=56.16). In the MMP25 gene, rs7188234 had a p-value of 0.02 with CarCP (β=-2.24). 

Next, we expanded the analysis to known CVD risk factors (shown in Table III) 

and endpoints including CVD events, all-cause and CVD cause mortality (Table IV). 

Once again, nothing reached statistical significance (shown in Table III). Only four SNPs 

showed a p-value of less than 0.01. Rs1045277 in PIGQ showed a nominal recessive 

associated with HbA1c with a p-value of 0.008 (β=-0.32). PDIA2 SNP rs45614840 

showed nominal association with decreased HDL levels (p=0.005, β=-0.13) under the 

additive model. APOB SNP rs1801695 showed nominal association with total cholesterol 

levels (p=0.004, β=-0.30) under the recessive model. SNP rs45487892 in ABCA3 which 
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was nominally associated with increased biventricular volume was also nominally 

associated with increased risk for all-cause mortality (p=0.004, β=4.43). 

We did not observe any significant associations with any of the genotyped SNPs. 

This indicates that the SNPs contributing to the linkage peak previously seen in this 

region were not genotyped. Additional genotyping is required in order to determine the 

causal variants. However, these findings might indicate that SNPs and genes in this 

region may play a part in CVD in individuals with T2D. This region of interest requires 

more investigation to identify the causal variants. 
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Table I. Demographic Characteristics of DHS Samples  

Trait DHS T2D-Affected T2D Unaffected 
N 1189 989 200 

Age 61.5±9.3 61.9±9.1 59.5±10.3 
Gender 639 (53.7%) 514 (52.0%) 125 (62.5%) 

T2D-Affected 989 (75.5%) 989 (100%) 0 (0%) 
T2D Duration 10.4±7.1 10.4±7.1 N/A 

BMI 31.8±6.5 32.4±6.6 28.5±5.1 
Hypertension 957 (80.5%) 828 (83.7%) 129 (64.5%) 
CVD History 464 (39.0%) 424 (42.9%) 40 (20.0%) 

HbA1c 7.28±1.75 7.60±10.28 5.61±0.50 
Cholesterol Med 530 (46.6%) 472 (47.7%) 58 (29.0%) 

HDL 43.1±12.4 42.1±11.9 47.7±14.0 
LDL 105.1±32.6 103.0±32.6 115.1±30.8 

Cholesterol 186.6±42.3 185.2±43.5 194.7±35.1 
Triglycerides 201.0±131.6 209.1±138.9 160.4±73.8 

CAC 1653.9±3147.7 1854.2±3335.9 624.7±1546.1 
CarCP 312.3±670.0 344.0±703.8 150.0±425.5 
AACP 10966.9±15767.5 11828.3±16173.5 6724.1±12817.5 
IMT 0.69±0.14 0.70±0.15 0.66±0.13 

Deceased 222 (18.7%) 207 (20.9%) 15 (7.5%) 
CVD Death 99 (44.6%) 93 (44.9%) 6 (40.0%) 

Biventricular Volume 378.3±111.2 384.5±112.1 348.5±102.0 
Smoking 495 (41.6%) 424 (42.9%) 71 (35.5%) 

 

Data shown are mean ±SD, unless specified otherwise.  
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Table II. Nominally Significant Association Results with Measures of Subclinical CVD 

SNP Gene Trait 
Add p-
value 

Add β±SE 
Dom p-
value 

Dom β±SE 
Rec p-
value 

Rec β±SE 

rs35161127 ABCA3 IMT 0.02 -0.14±0.06 0.012 -0.14±0.06 N/A N/A 

rs45487892 ABCA3 VV 0.02 56.16±24.34 0.02 56.16±24.34 N/A N/A 

rs45518738 ABCA3 IMT 0.04 0.051±0.03 0.04 0.05±0.03 N/A N/A 

rs12720854 APOB IMT 0.03 0.08±0.044 0.03 0.09±0.04 N/A N/A 

rs7188234 MMP25 CarCP 0.45 -0.25±0.18 0.15 -0.25±0.18 0.02 -2.24±0.96 

rs113956264 RPL3L VV 0.15 -16.18±11.40 0.16 -16.18±11.40 0.04 0.00±0.00 

rs4987018 MSRB1 CAC 0.45 -0.167±0.22 0.45 -0.17±0.22 0.01 -2.47±0.96 
 

CAC: coronary artery calcified plaque; CarCP: carotid artery calcified plaque; IMT: Intima-media thickness; VV: Biventricular volume. 

Associations were examined under additive (Add), dominant (Dom) and recessive (Rec) genetic models. SE = standard error 
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Table III. Nominally Significant Association Results with Measures of CVD Risk Factors 

SNP Gene Trait 
Add p-
value 

Add β±SE 
Dom p-
value 

Dom β±SE 
Rec p-
value 

Rec β±SE 

rs45480502 ABCA3 Cholesterol 0.02 0.08±0.04 0.02 0.08±0.04 0.44 0.16±0.21 
rs45480502 ABCA3 LDL 0.01 13.60±5.28 0.01 13.60±5.28 0.36 28.57±31.29 

G1302E ABCA3 Cholesterol 0.02 -0.35±0.15 0.02 -0.35±0.15 N/A N/A 
P1301L ABCA3 Triglycerides 0.02 -0.50±0.22 0.02 -0.50±0.22 0.03 -1.13±0.53 

rs1042031 APOB Cholesterol 0.04 0.02±0.01 0.04 0.02±0.01 0.41 0.03±0.03 
rs12713844 APOB Cholesterol 0.02 -0.12±0.05 0.02 -0.12±0.05 0.15 -0.31±0.21 
rs1801695 APOB Cholesterol 0.73 0.01±0.02 0.73 0.01±0.02 0.004 -0.30±0.11 
rs1801695 APOB Triglycerides 0.88 -0.01±0.05 0.88 -0.01±0.05 0.02 -0.62±0.27 
rs676210 APOB HDL 0.027 0.09±0.04 0.027 0.09±0.04 0.31 0.12±0.11 

rs45614840 PDIA2 HDL 0.005 -0.13±0.05 0.005 -0.13±0.05 0.10 -0.24±0.15 
rs1045277 PIGQ HbA1c 0.24 -0.01±0.01 0.24 -0.01±0.01 0.008 -0.32±0.12 
rs710924 PIGQ HbA1c 0.35 -0.01±0.01 0.35 -0.01±0.01 0.03 -0.26±0.12 

rs61759901 RGS11 HbA1c 0.45 0.03±0.04 0.45 0.03±0.04 0.04 3.24±1.57 
rs61753378 TRAP1 HDL 0.94 -0.01±0.07 0.94 -0.01±0.07 0.04 -0.82±0.40 

 

Cholesterol: Total cholesterol; HDL: High density lipoprotein cholesterol; HbA1c: Hemoglobin A1c; LDL: Low density lipoprotein 

cholesterol. Associations were examined under additive (Add), dominant (Dom) and recessive (Rec) genetic models. SE = standard 

error 
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Table IV. Nominally Significant Association Results with Measures of Mortality 

SNP Gene Trait 
Add p-
value 

Add β±SE 
Dom p-
value 

Dom β±SE 
Rec p-
value 

Rec β±SE 

rs45487892 ABCA3 Mortality 0.004 4.43±53.17 0.004 4.43±53.17 N/A N/A 

rs12720854 APOB 
CVD 

Mortality 
0.014 -1.22±0.49 0.014 -1.224±0.487 N/A N/A 

rs679899 APOB Mortality 0.033 0.14±0.07 0.033 0.14±0.07 0.686 0.04±0.11 
 

Mortality: All-cause mortality; CVD Mortality: CVD-cause mortality; Associations were examined under additive (Add), dominant 

(Dom) and recessive (Rec) genetic models. SE = standard error 
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Supplemental Table I. List of Genotyped SNPs 

SNP rs# Gene Chromosome Position Function 
DHS 
MAF 

rs1801695 APOB 2 21224853 Missense 0.047 
rs1042031 APOB 2 21225753 Missense 0.185 

rs12720854 APOB 2 21229905 Missense 0.003 
rs676210 APOB 2 21231524 Missense 0.21 
rs1801699 APOB 2 21233999 Missense 0.018 

rs12713844 APOB 2 21238413 Missense 0.0067 
rs679899 APOB 2 21250914 Missense 0.479 

rs146600185 MPG 16 129423 Splice Acceptor 0 
rs61759901 RGS11 16 320992 Nonsense 0.012 
rs190686593 RGS11 16 325035 Missense 0 
rs45614840 PDIA2 16 334543 Missense 0.161 
rs1045277 PICQ 16 633125 Missense 0.408 
rs710924 PICQ 16 633353 Missense 0.409 

rs61746451 CRAMP1L 16 1718110 Missense 0.0093 
rs4987018 MSRB1 16 1988617 3’ UTR 0.04 

rs113956264 RPL3L 16 1997004 Missense 0.029 
rs61747417 ABCA3 16 2327924 Missense 0 

G1302E ABCA3 16 2333317 Missense 0.0008 
P1301L ABCA3 16 2333320 Missense 0.0017 

rs35089233 ABCA3 16 2334358 Missense 0.0004 
rs117360590 ABCA3 16 2334965 Missense 0 

N1076K ABCA3 16 2336745 Missense 0 
rs112789659 ABCA3 16 2336767 Missense 0 
rs34671771 ABCA3 16 2336807 Missense 0 
rs13332760 ABCA3 16 2339620 Missense 0 
rs45592239 ABCA3 16 2345709 Missense 0.004 

E690K ABCA3 16 2347525 Missense 0 
rs141621969 ABCA3 16 2350115 Missense 0.0017 
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rs34096526 ABCA3 16 2367366 Synonymous 0 
rs35161127 ABCA3 16 2367685 Synonymous 0.0008 
rs149989682 ABCA3 16 2367764 Missense 0.004 
rs45468595 ABCA3 16 2369618 Synonymous 0 
rs45480502 ABCA3 16 2369774 Synonymous 0.017 
rs145087575 ABCA3 16 2374485 Missense 0.0008 
rs17135880 ABCA3 16 2378456 5’ UTR 0.0004 
rs45487892 ABCA3 16 2378494 5’ UTR 0.007 
rs45518738 ABCA3 16 2378609 5’ UTR 0.496 
rs7188234 MMP25 16 3109032 Missense 0.084 

rs141583132 IL32 16 3118239 Missense 0.0059 
rs61753378 TRAP1 16 3726075 Missense 0.058 
rs52791170 ADCY9 16 4163754 Missense 0.013 
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Appendix II 
 

Analysis of Cognitive Function and Brain Structural Changes with the Common 
Haptoglobin Duplication 

 

Jeremy N. Adams, Laura M. Raffield, Barry I. Freedman, Carl D. Langefeld, Joseph A. 
Maldjian, Jeff D. Williamson, Christina E. Hugenschmidt, J. Jeffery Carr, Amanda J. Cox, 
Donald W. Bowden 
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Introduction 

Haptoglobin (HP) is an acute phase protein that functions to bind freely 

circulating hemoglobin. The HP gene contains a common duplication which gives rise to 

2 alleles: HP 1 and HP 2. HP protein levels and genotypes have been linked to a 

number of diseases, most commonly diabetic cardiovascular disease (CVD).  

A number of studies have investigated HP with both cognitive function and brain 

structure. One study showed that HP expression was decreased in individuals with mild 

cognitive impairment and greatly decreased in Alzheimer’s disease [Cocciolo, et al. 

2012]. Cocciolo et.al. also showed that HP was increasingly oxidized as the cognitive 

impairment increased from normal, through mild cognitive impairment, to Alzheimer’s 

[Cocciolo, et al. 2012]. This suggests HP function decreases as disease progresses. 

Several additional studies have investigated the effect of the common HP duplication on 

cognitive function. In a study of individuals with type 2 diabetes (T2D), Ravona-Springer 

et al. reported poorer cognitive function of individuals with the HP 1-1 genotype [Ravona-

Springer, et al. 2013]. Individuals with the HP 1-1 genotype had lower cognitive scores in 

all categories (episodic memory, semantic categorization, attention/working memory, 

executive function, and overall cognition) with semantic categorization and overall 

cognition reaching significance [Ravona-Springer, et al. 2013]. Another study 

investigated the interaction of HP genotype and HbA1c on cognitive function [Guerrero-

Berroa, et al. 2015]. It was shown that carriers of the HP 1-1 genotype with increased of 

HbA1c had poorer attention/working memory and overall cognition. In non-HP 1-1 

carriers increased HbA1c was associated with poorer executive function [Guerrero-

Berroa, et al. 2015]. 
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In addition to cognitive function, there have been studies investigating HP 

genotype with brain structural changes. One study showed that compared to 

hypertensive individuals with the HP 2-2 genotype, hypertensive individuals with the HP 

1-1 genotype had larger deep white matter lesions [Staals, et al. 2010]. This association 

remained significant even after adjusting for duration of hypertension and treatment. 

There was no association seen with periventricular white matter lesion volume [Staals, et 

al. 2010]. A second study performed in individuals with type 1 diabetes found that the HP 

1-1 genotype was associated with increased total brain and corpus callosum white 

matter hyperintensities [Costacou, et al. 2015]. 

This study attempts to build upon this prior literature by investigating HP 

genotype as well as the HP-HbA1c interaction with measures of both cognitive function 

and brain imaging in a T2D-enriched population. 

Methods 

Samples 

The Diabetes Heart Study (DHS) is a family-based study examining risk for 

macrovascular and other complications in T2D. Briefly, the DHS includes siblings 

concordant for T2D but without advanced renal insufficiency. When possible, unaffected 

siblings were also recruited. Subjects were recruited from western North Carolina 

between 1998 and 2005. T2D was clinically defined as diabetes developing after the age 

of 35 years and initially treated with oral agents and/or diet and exercise, in the absence 

of historical evidence of ketoacidosis. Diagnoses were confirmed by measurement of 

fasting blood glucose and glycosylated hemoglobin (HbA1c). Extensive measurements of 

CVD risk factors were obtained during baseline exams. Examinations including 

interviews for medical history and health behaviors, anthropometric measures, resting 
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blood pressure, electrocardiography, fasting blood sampling and spot urine collection 

were performed. Ascertainment and recruitment have been previously described in detail 

[Bowden, et al. 2010; Bowden, et al. 2008; Lange, et al. 2002; Wagenknecht, et al. 

2001]. 

The DHS MIND is an ancillary study to the DHS with the purpose of investigating 

the relationships between cognitive function, brain imaging, and vascular disease in 

T2D. Participants from the original DHS investigation were re-examined on average 6.7 

± 1.6 years after their initial visit. Participant examinations were conducted in the 

General Clinical Research Center of the Wake Forest Baptist Medical Center. The 

current cognitive and brain image analyses are based on a subset of 565 participants 

from the DHS MIND study that had HP genotyping. For these analyses level of 

educational attainment was classified as less than high school, high school, or greater 

than high-school based on self-report by participants. Study protocols were approved by 

the Institutional Review Board at Wake Forest School of Medicine and all study 

procedures were carried out in accordance with the Declaration of Helsinki. All 

participants provided written informed consent before participation. 

Neuroimaging 

Neuroimaging scans were performed as previously described [Raffield, et al. 

2014]. Briefly, the MRI was performed on a 1.5-T EXCITE HD scanner with twin-speed 

gradients using a neurovascular head coil (GE Healthcare, Milwaukee, WI). Structural 

T1 images were segmented into grey matter (GM), white matter (WM), and 

cerebrospinal fluid (CSF), normalized to Montreal Neurologic Imaging (MNI) space, and 

modulated with the Jacobian determinants of the warping procedure. Intracranial volume 

(ICV (GM+WM+CSF), total brain volume (TBV) (GM+WM), grey matter volume (GMV) 
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(GM), and white matter volume (WMV) (WM) were determined from the automated 

segmentation procedure. Diffusion tensor imaging was used to measure fractional 

anisotropy (FA) and mean diffusivity (MD). Cerebral blood flow (CBF) processing images 

were generated using a fully automated data processing pipeline as previously 

described [Maldjian, et al. 2008]. White matter lesion segmentation as performed using 

the lesion segmentation toolbox [Schmidt, et al. 2012]. Total white matter lesion volume 

(WMLV) was determined by summing the binary lesion maps and multiplying by the 

voxel volume. 

Cognitive Testing 

In the DHS MIND, participants were administered a battery of cognitive tests as 

described previously [Hugenschmidt, et al. 2013]. Briefly, these tests included the Digit 

Symbol Substitution Test (DSST) [Wechsler 1981] in which performance was defined as 

the number of correct responses within 2 min. The Controlled Oral Word Association 

Test (COWA) [Benton, et al. 1994; Strauss, et al. 2006] tested the metric of Phonemic 

Fluency by the sum of words generated for three different letters (F, A, S) while 

Semantic Fluency was measured as the sum of words generated for two different 

categories (kitchen, animals). The Stroop test [Houx, et al. 1993] measured the 

response time difference between subtest 2 and subtest 3 with the number of errors 

from each subtest added to the time scores. The Rey Auditory-Verbal Learning Test 

(RAVLT) [Lezak, et al. 2004] measured the sum of words remembered across the first 5 

trials. Also included in the battery of tests was the Modified Mini-Mental State 

Examination (3MSE) [Teng and Chui 1987]. Not all measurements were available in all 

participants. 

Genotyping 



145 

 

Genomic DNA was purified from whole-blood samples obtained from subjects 

using the PUREGENE DNA isolation kit (Gentra Systems., Minneapolis, MN). DNA was 

quantitated using standardized fluorometric readings on a Hoefer DyNA Quant 200 

fluorometer (Hoefer Pharmacia Biotech, Inc., San Francisco, CA). Each sample was 

diluted to a final concentration of 20 ng/μL. HP duplication genotyping was performed 

using paired polymerase chain reactions (PCR). PCR primers, reaction and cycling 

conditions were performed as described previously by Koch et al. [Koch, et al. 2002] for 

10 µL reactions containing 45-60 ng DNA and primers at final concentrations of 0.8 µM 

for the HP 1 and 0.6 µM for the HP 2.  

PCR products from the two reactions were combined (10 μL of the HP 1 product 

with 5 μL of the HP 2 PCR product) and resolved on a 1% agarose gel (Figure 1) which 

was visualized by staining with 1.4% ethidium bromide and the images captured using 

an Alpha Imager (Alpha Innotech, San Leandro, CA). Haptoglobin genotypes were 

called independently by two investigators with 100% concordance between calls. 

Statistical analysis 

HP allele frequencies were tested for departure from Hardy-Weinberg equilibrium 

using a chi-squared goodness-of-fit test. Association between the HbA1c and cognitive 

function and MRI imaging measures was examined using SAS v. 9.4 (SAS Institute Inc., 

Cary, NC). Association between the HP genotypes and cognitive function and MRI 

imaging measures was examined using variance component methods computed using 

Sequential Oligogenic Linkage Analysis Routines (SOLAR) v. 8.0.1 (Texas Biomedical 

Research Institute, San Antonio, TX). Interaction association between the HP genotypes 

and HbA1c with cognitive function and MRI imaging measures was examined using 

variance component methods computed using SOLAR v. 8.0.1 (Texas Biomedical 
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Research Institute, San Antonio, TX). Continuous variables were transformed prior to 

analysis to approximate conditional normality. Associations were analyzed using four 

sets of covariates. Cognitive function traits were analyzed using model 1 which included 

age, gender, and educational attainment as covariates and model 2 which added body 

mass index (BMI), triglycerides, diastolic blood pressure, and systolic blood pressure to 

model 1. Brain structure traits were analyzed using no covariates (model 3) as well as 

age, gender, total intracranial volume (TIV), hypertension status, and hypertension 

medication use (model 4). Statistical significance was accepted at p<0.05. Analyses 

included samples that had genotype, phenotype, and all covariate data. 

Results 

Demographics 

Demographics of the individuals included in this study are shown in Table I 

stratified by T2D affected status. Briefly, the average age was 67.3 years old and just 

over half of the participants were female (54.7%). The individuals were on average 

overweight or obese with an average BMI of 31.6. Approximately 81% of the individuals 

were affected by T2D with an average duration of 16.5 years. Greater than 80% of 

participants have a high school diploma or greater. Haptoglobin genotypes in the study 

were 12.6% HP 1-1, 44.4% HP 1-2, and 43.0% HP 2-2. This is similar to the previously 

reported genotype frequencies for European populations [Langlois and Delanghe 1996]. 

HbA1c Associations 

We performed an association analysis between HbA1c and measures of cognitive 

function (Table II) and brain MRI scans (Table III). No association was seen between 

HbA1c and cognitive function measures under either Model 1 or Model 2 (Table II). 

However, several significant associations were seen between HbA1c and brain MRI 
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measures. Using Model 3 (no covariates), increased white matter lesion volume was 

significantly associated with increased HbA1c (p=0.047, β=0.002). Grey matter mean 

diffusivity was also associated with increased HbA1c (p=0.01, β=0.24). Additional 

associations were seen after adjusting for age, gender, total intracranial volume, 

hypertension, and hypertension medication use (Model 4). Grey matter volume was 

decreased with increasing HbA1c (p=0.001, β=-0.001), as was total brain volume 

(p=5.46x10-6, β=-0.002). White matter mean diffusivity and grey matter mean diffusivity 

was significantly increased with higher HbA1c (p=0.36, β=0.47 and p=1.34x10-5, β=0.06 

respectively). Increased white mater lesion volume was associated with higher HbA1c 

(p=9.2x10-3, β=0.003). 

Haptoglobin Associations 

Next, we analyzed the association of HP genotype and measures of cognitive 

function (Table IV) and brain MRI scans (Table V). Similar to the HbA1c analysis we saw 

several significant associations with HP genotype. Several cognitive function traits were 

significantly associated including Phonemic Fluency (p=1.66x10-3, β=-0.027), the 

Modified Mini-Mental State Test (p=0.028, β=-1.12) and the Rey Auditory Verbal 

Learning Test (p=5.92x10-3, β=-1.49) when adjusting for age, gender, and education 

level (Model 1) as covariates (Table IV). When adjusting for additional covariates in 

Model 2 (Model 1 + BMI, triglycerides, diastolic blood pressure and systolic blood 

pressure) two of the associations remained. The Modified Mini-Mental State Test 

remained associated with a p-value of 0.021 (β=-1.25) as did the Rey Auditory Verbal 

Learning Test with a p-value of 5.19x10-3 (β=-1.62). 

Several of the brain MRI traits were associated with HP under Model 3. Grey 

matter volume (p=0.025, β=-8.27), white matter fractional anisotropy (p=0.023, β=-
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0.003), grey matter mean diffusivity (p=7.75x10-3, β=-0.018), total brain volume 

(p=0.013, β=-19.61) all reached statistical significance (Table V). However, when 

adjusting for additional covariates using Model 4, no significant associations were seen 

(Table V). 

Haptoglobin-HbA1c Interaction Associations 

Finally, we performed an association analyzing the interaction between HP 

genotype and HbA1c with measures of cognitive function (Table VI) and brain MRI scans 

(Table VII). This analysis yielded many highly significant results. Under the fully adjusted 

model for the cognitive function measures (Model 2) the Stroop Test was the only non-

significant result (p=0.92). Tests for Phonemic and Semantic Fluency were associated 

(p=2.26x10-3, β=-4.36 and p=0.038, β=-2.01 respectively). The Digit Symbol Substitution 

Test was significantly decreased with a p-value of 8.74x10-6 (β=-7.31). The Modified 

Mini-Mental State Test and the Rey Auditory Verbal Learning Test were the two most 

highly significant associations in this model with p-values of 2.44x10-14 (β=-7.62) and 

1.72x10-15 (β=-9.04) respectively (Table VI). 

Each of the brain MRI measures was associated with HP in Model 4 (fully 

adjusted) as seen in Table VII. Total white matter volume showed the strongest 

association with a p-value of 1.66x10-19 (β=42.80). Grey matter volume was also 

associated with a p-value of 2.75x10-8 (β=-23.44). Grey matter fractional anisotropy, 

white matter fractional anisotropy, grey matter mean diffusivity, white matter mean 

diffusivity, grey matter cerebral blood flow, and total brain volume were all associated 

with a p-value less than 0.0001 (Table VII). 

Discussion 
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This study found some associations between cognitive function and brain MRI 

measures with both HbA1c and HP genotypes (Tables II, III, IV, and V). Our HP 

association results showed that with each copy of the HP 2 allele cognitive function 

declined (Table IV). This is different from what was reported previously by Ravona-

Springer et al. which reported the HP 1-1 as the risk genotype for cognitive decline 

[Ravona-Springer, et al. 2013]. One potential cause for this difference is the sample size 

difference in the studies. Our study contained between 523 and 565 individuals with 

cognitive test measures compaired to 817 from the previous study. A second possible 

cause of the observed difference in risk allele could be the makeup of the subjects in the 

study. In the prior study every participant was affected by T2D, while only about 80% of 

the individuals in this study were affected. We also saw nominal associations between 

HP genotype with neuroimaging measures in the unadjusted model. However, after 

adjusting for common covariates we did not observe any significant associations (Table 

V). 

The strongest associations were seen with the interaction of HP and HbA1c 

(Tables VI and VII). We observed the strongest associations with white matter volume 

(p=1.66x10-19), the Rey Auditory Verbal Learning Test (p=1.72x10-15), and the Modified 

Mini-Mental State Test (p=2.44x10-14). Of all the cognitive function and neuroimaging 

measures examined only the Stroop test did not show a significant association with the 

HP-HbA1c interaction. This study is unique in two ways. The first is it contains individuals 

both affected by and unaffected by T2D. This expands upon the cognition results seen in 

the study by Guerrero-Berroa et al. [Guerrero-Berroa, et al. 2015] which only had 

individuals affected by T2D. In this study we also investigated T2D affected individuals 

only, but did not see any significant associations (data not shown). This could be in part 
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due to a reduction of sample size. Additionally, analysis run in T2D unaffected 

individuals showed similar results to those seen in the entire cohort (data not shown). 

Second, to our knowledge, this is the first study investigating the interactive effect of HP 

genotype and HbA1c on neuroimaging data. 

Our findings suggest a possible mechanism for how HP and HbA1c affect 

cognition. This mechanism is through alterations in brain structure that can lead to 

cognitive decline as suggested in previous study [Eilaghi, et al. 2013]. Eilaghi et al. 

showed that white matter permeability alterations was associated with cognitive decline 

and reduced processing speed. Additional studies need to be done to investigate the risk 

allele and risk HbA1c level and to determine the mechanism of effect. 
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Table I. Demographic Characteristics of the DHS MIND Samples 

Trait All T2D-Affected Unaffected 
N 565 459 106 

Age ± SD 67.3±8.9 67.5±8.6 66.4±10.0 
N Female (%) 309 (54.7) 241 (52.5) 68 (64.1) 

BMI ± SD 31.6±6.6 32.3±6.6 28.6±5.6 
T2D-Affected (%) 459 (81.2) 459 (100) 0 (0.0) 

T2D Duration ± SD 16.5±6.7 16.5±6.7 N/A 
HbA1c ± SD 7.13±1.34 7.45±1.31 5.85±0.31 

Cholesterol ± SD 185.7±41.4 183.1±42.7 195.4±34.9 
Triglycerides ± SD 191.7±125.4 200.6±135.4 158.0±68.0 
Hypertension (%) 499 (88.3) 423 (92.1) 76 (71.7) 

Hypertension Medication Use 413 (73.1) 359 (78.2) 54 (50.9) 
Education < High School Diploma (%) 103 (18.2) 91 (19.8) 12 (11.3) 
Education High School Diploma (%) 303 (53.6) 243 (52.9) 60 (56.6) 

Education > High School Diploma (%) 159 (28.1) 125 (27.2) 34 (32.1) 
Systolic Blood Pressure 132.3±18.3 132.9±18.2 129.7±18.6 
Diastolic Blood Pressure 70.4±10.5 69.6±10.0 74.1±11.7 

HP 1-1 71 (12.6) 53 (11.5) 18 (17.0) 
HP 1-2 251 (44.4) 207 (45.1) 44 (41.5) 
HP 2-2 243 (43.0) 199 (43.4) 44 (41.5) 

Phonemic Fluency 28.6±11.6 28.2±11.4 30.2±12.5 
Semantic Fluency 29.6±7.9 29.1±7.9 31.8±7.7 

Modified Mini-Mental State Test 90.0±8.3 89.5±8.8 92.3±5.5 
Stroop Test 36.2±20.8 37.2±21.2 31.5±18.6 

Digit Symbol Substitution Test 47.2±15.3 46.0±15.0 52.3±15.5 
Rey Auditory Verbal Learning Test 41.5±10.2 40.7±10.4 44.7±8.7 

Total Grey Matter Volume 509.7±51.7 508.2±49.9 515.2±57.7 
Total White Matter Volume 575.8±71.0 575.7±70.1 576.1±74.7 

Total Brain Volume 1085.4±112.7 1083.9±109.8 1091.2±123.6 
White Matter Lesion Volume 4.33±6.89 4.88±7.34 2.48±4.61 

White Matter Fractional Anisotropy 0.36±0.02 0.36±0.02 0.36±0.02 
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Grey Matter Fractional Anisotropy 0.21±0.02 0.21±0.02 0.21±0.02 
White Matter Mean Diffusivity 0.79±0.05 0.79±0.05 0.78±0.04 
Grey Matter Mean Diffusivity 1.09±0.09 1.10±0.10 1.07±0.08 

Grey Matter Cerebral Blood Flow 47.0±19.6 48.0±20.6 43.4±14.8 
Total Intracranial Volume 1349.6±139.4 1343.1±137.5 1331.5±146.7 

 

SD: Standard Deviation; HP: Haptoglobin; BMI: Body Mass Index 
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Table II. HbA1c Association Results with Cognitive Function 

Trait 
Model 1 Model 2 

p-value β±SE p-value β±SE 
Phonemic Fluency 0.31 -0.001±0.001 0.89 -0.0001±0.0005 
Semantic Fluency 0.18 -0.002±0.001 0.26 -0.001±0.001 

Modified Mini-Mental State Test 0.65 -0.0004±0.0008 0.98 0.0±0.001 
Stroop Test 0.37 0.02±0.02 0.10 0.001±0.02 

Digit Symbol Substitution Test 0.17 -0.001±0.001 0.21 0.0004±0.0005 
Rey Auditory Verbal Learning Test 0.23 -0.001±0.001 0.079 -0.0002±0.001 

 

SE: Standard Error 

Model 1 – Age, Gender, Educational Attainment; Model 2 – Model 1+ BMI, Diastolic Blood Pressure, Systolic Blood Pressure 
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Table III. HbA1c Association Results with MRI Measures 

Trait 
Model 3 Model 4 

p-value β±SE p-value β±SE 
Total Grey Matter Volume 0.43 -0.0001±0.0002 0.001 -0.001±0.0004 
Total White Matter Volume 0.99 0.0±0.0001 0.16 -0.0004±0.0003 

Grey Matter Fractional Anisotropy 0.07 1.10±0.60 0.10 0.97±0.60 
White Matter Fractional Anisotropy 0.55 0.28±0.46 0.93 0.04±0.001 

Grey Matter Mean Diffusivity 0.01 0.24±0.09 1.34x10-5 0.60±0.14 
White Matter Mean Diffusivity 0.24 0.24±0.20 0.036 0.47±0.22 
White Matter Lesion Volume 0.047 0.002±0.001 9.20x10-3 0.003±0.001 

Grey Matter Cerebral Blood Flow 0.78 0.002±0.007 0.93 0.001±0.001 
Total Brain Volume 0.72 0.0±0.0001 5.46x10-6 -0.002±0.0004 

 

Bold indicates statistical significance. SE: Standard Error 

Model 3 – No Covariates; Model 4 – Age, Gender, TIV, Hypertension Status, Hypertension Medication Use 
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Table IV. Haptoglobin Association Results with Cognitive Function 

Trait 
Model 1 Model 2 

p-value β±SE p-value β±SE 
Phonemic Fluency 1.66x10-3 -0.027±0.67 0.98 -0.015±0.70 
Semantic Fluency 0.14 -0.65±0.44 0.08 -0.82±0.46 

Modified Mini-Mental State Test 0.028 -1.12±0.51 0.021 -1.25±0.54 
Stroop Test 0.16 0.041±0.029 0.09 0.051±0.030 

Digit Symbol Substitution Test 0.16 -1.10±0.78 0.21 -1.05±0.83 
Rey Auditory Verbal Learning Test 5.29x10-3 -1.49±0.54 5.19x10-3 -1.62±0.58 

 

Bold indicates statistical significance. SE: Standard Error 

Model 1 – Age, Gender, Educational Attainment; Model 2 – Model 1+ BMI, Diastolic Blood Pressure, Systolic Blood Pressure 
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Table V. Haptoglobin Association Results with MRI Measures 

Trait 
Model 3 Model 4 

p-value β±SE p-value β±SE 
Total Grey Matter Volume 0.025 -8.27±3.69 0.45 -1.35±1.78 
Total White Matter Volume 0.36 -4.24±4.62 0.78 0.54±1.94 

Grey Matter Fractional Anisotropy 0.054 1.51±0.79 1.00 0.00±1.00x1021 
White Matter Fractional Anisotropy 0.023 -0.003±0.002 0.15 -0.002±0.001 

Grey Matter Mean Diffusivity 7.75x10-5 -0.018±0.007 0.37 0.004±0.005 
White Matter Mean Diffusivity 0.31 0.003±0.003 0.19 0.004±0.003 
White Matter Lesion Volume 0.08 -0.85±0.48 0.36 -0.41±0.45 

Grey Matter Cerebral Blood Flow 0.73 -0.03±-.10 0.91 -0.01±0.09 
Total Brain Volume 0.013 -19.61±7.92 0.20 -2.32±1.80 

 

Bold indicates statistical significance. SE: Standard Error 

Model 3 – No Covariates; Model 4 – Age, Gender, TIV, Hypertension Status, Hypertension Medication Use 
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Table VI. HPxHbA1c Interaction Association Results with Cognitive Function 

Trait 
Model 1 Model 2 

p-value β±SE p-value β±SE 
Phonemic Fluency 5.00x10-4 -4.38±1.26 2.26x10-3 -4.36±1.42 
Semantic Fluency 0.14 -1.26±0.85 0.038 -2.01±0.97 

Modified Mini-Mental State Test 5.21x10-17 -7.67±0.92 2.44x10-14 -7.62±1.00 
Stroop Test 0.56 -0.03±0.06 0.92 -0.006±0.06 

Digit Symbol Substitution Test 5.3x10-5 -5.96±1.47 8.74x10-6 -7.31±1.64 
Rey Auditory Verbal Learning Test 3.44x10-15 -8.04±1.02 1.72x10-15 -9.04±1.14 

 

Bold indicates statistical significance. SE: Standard Error 

Model 1 – Age, Gender, Educational Attainment; Model 2 – Model 1+ BMI, Diastolic Blood Pressure, Systolic Blood Pressure 
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Table VII. HPxHbA1c Interaction Association Results with MRI Measures 

Trait 
Model 3 Model 4 

p-value β±SE p-value β±SE 
Total Grey Matter Volume 4.22x10-96 -51.36±2.47 2.75x10-8 -23.44±4.22 
Total White Matter Volume 0.12 -13.33±8.46 1.66x10-19 42.80±4.74 

Grey Matter Fractional Anisotropy 5.23x10-193 86.09±2.90 0.02 1.01±0.44 
White Matter Fractional Anisotropy 8.39x10-13 -0.19±0.003 1.16x10-6 -0.016±0.003 

Grey Matter Mean Diffusivity 3.16x10-21 -0.10±0.01 4.70x10-5 -0.04±0.01 
White Matter Mean Diffusivity 4.50x10-5 0.02±0.005 1.73x10-7 0.032±0.006 
White Matter Lesion Volume 0.97 0.017±0.48 0.02 2.28±0.98 

Grey Matter Cerebral Blood Flow 8.60x10-5 -0.61±0.16 6.20x10-5 -0.83±0.21 
Total Brain Volume 3.89x10-15 -106.94±13.61 2.50x10-5 -17.30±4.11 

 
 
Bold indicates statistical significance. SE: Standard Error 

 
Model 3 – No Covariates; Model 4 – Age, Gender, TIV, Hypertension Status, Hypertension Medication Use 
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Introduction 

Aging is a complex process that is associated with an accumulation of mutations, 

decay of cellular and organ structures, physiological changes, and changes in gene 

expression [Garagnani, et al. 2012; Goyns 2002]. Epigenetics is emerging as a 

promising field to be used as a biomarker of aging [Berdasco and Esteller 2012]. 

In recent years there have been several studies investigating the association of 

DNA methylation and age. In the first study to investigate genome-wide epigenetic 

effects on healthy aging, 360 cytosine-phosphate-guanines (CpGs) of >27,000 were 

found to have methylation patterns that changed with age [Rakyan, et al. 2010]. Sixty 

percent (213) of the differentially methylated regions (DMRs) were hypermethylated with 

age while the rest were hypomethylated. Hernandez et al. investigated DNA methylation 

and age in the human brain. They found 589 DMRs associated with age, many of which 

overlapped in different regions of the brain [Hernandez, et al. 2011]. In a third study, 88 

methylated CpGs corresponding to 80 genes were found to be correlated with age with 

absolute correlation values greater than 0.57 [Bocklandt, et al. 2011]. In 2012, an 

epigenome-wide study investigating age and age-related phenotypes in female twins 

identified 490 DMRs associated with age [Bell, et al. 2012]. A number of the DMRs in 

these four studies overlapped, for example, 36 DMRs from Bell et al. were the same as 

ones seen in Bocklandt et al. and 3 were the same as the ones seen in Hernandez et al. 

[Bell, et al. 2012; Bocklandt, et al. 2011; Hernandez, et al. 2011]. Most recently, in 2012, 

a study identified a new epigenetic marker in the ELOVL2 gene (ELOVL Fatty Acid 

Elongase 2) cg16867657 was shown to have a high positive correlation with age 

(r=0.91, p=3.97x10-18) and a wide range of methylation (7%-91%) [Garagnani, et al. 

2012]. 

It has been suggested that DNA methylation patterns using a limited number of 

CpG sites can be used to predict age to a relatively high degree of accuracy [Bocklandt, 
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et al. 2011]. This study attempted to use DNA methylation in the ELOVL2 gene to 

estimate the ages of individuals in our research collection of DNAs for which we did not 

have information on age. 

Methods 

Samples 

Individuals in this study were a subset of individuals from genome-wide 

association study of type 2 diabetes (T2D) in African Americans [Palmer, et al. 2012]. 

This study included individuals with T2D as diagnosed by a fasting plasma glucose 

concentration ≥126 mg/dL (7.0 mmol/l) or a 2-h postload value in the oral glucose 

tolerance test ≥200 mg/dL (11.1 mmol/l) on more than one occasion or receiving 

medication for T2D. Also included were individuals with T2D associated end-stage 

kidney disease (DMESKD) who in addition to meeting the T2D criteria, had to have at 

least one of the following three criteria for inclusion: a) T2D diagnosed at least 5 years 

before initiating renal replacement therapy, b) background or greater diabetic retinopathy 

and/or c) ≥100 mg/dl proteinuria on urinalysis in the absence of other causes of 

nephropathy. Individuals with ESKD with no T2D were included and met the same 

criteria as above. Additionally, individuals with neither disease were included. 

Recruitment and sample collection procedures were approved by the Institutional 

Review Board at Wake Forest School of Medicine and informed consent was obtained 

from all study participants. 

DNA Methylation Measurement 

Bisulfite conversion of genomic DNA was performed using the EZ-96 DNA 

Methylation Kit (Zymo Research, Irvine, CA, USA) following the manufacturer’s protocol 

converting all unmethylated cytosines to uracils. Converted DNA was amplified using 

polymerase chain reaction (PCR) using the PyroMark PCR kit (Qiagen, Venlo, 

Netherlands). PCR primers were designed using the PyroMark Assay Design v. 2.0 
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(Qiagen, Venlo, Netherlands). The amplified PCR product was denatured and released 

to single strand products for pyrosequencing performed on a PyroMark Q96 MD 

(Qiagen, Venlo, Netherlands) using PyroMark Q96 CpG Software v. 1.0 (Qiagen, Venlo, 

Netherlands) to analyze DNA methylation. Primer sequences were as follow; forward 

primer: 5’-GTGGGTTTAGGAGAGAAAGAA-3’, reverse primer: 5’-biotin- 

CATTTCCCCCTAATATATACTTCA-3’, and the sequencing primer: 5’-

GGGAGGAGATTTGTAGGTTT-3’. A total of 576 individuals were pyrosequenced, 323 

of which were successful. 

Statistical Analysis 

Spearman’s correlations between DNA methylation were calculated using SAS 

Enterprise Guide v. 6.1 (SAS Institute Inc., Cary, NC). The p-value was calculated in 

Microsoft Excel 2010 (Microsoft Corporation, Redmond, WA). Average methylation was 

calculated averaging all CpG sites except for CpG3 which had a different methylation 

pattern from the rest. Analyses included all individuals with DNA methylation levels 

determined at ≥1 CpG site. Limiting the average analysis to those with methylation 

measured at all 8 sites did not meaningfully impact the results. 

Age Prediction 

After calculating the average methylation, Microsoft Excel 2010 was used to plot 

the DNA methylation vs. age. The trendline was plotted and the equation of that line was 

calculated. This equation was then used to estimate the age of the 85 individuals with 

known ages as well as 238 individuals with unknown ages. 

Results 

The demographics of the individuals included in this study are shown in Table I. 

Eighty-five individuals with known ages had their DNA methylation percentage 

successfully calculated at one or more CpG site. The average age of these individuals is 

57.7 years and ranged from 19 years old to 98 years old. The samples were on average 
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overweight or obese with an average body mass index (BMI) of 29.6. Over 60% were 

female. Twenty-four were affected by T2D and 15 were affected by DMESKD (Table I). 

The pyrosequenced region (Chr6: 11,044,858-11,044,893) lies upstream of the 

ELOVL2 gene. This region contains 8 CpGs including the site reported by Garagnani et 

al., cg16867657 ([Garagnani, et al. 2012]. Statistics of each CpG are shown in Table II. 

All CpGs were sucessfully sequenced in 80 or more individuals except for CpG8. 

Average methylation percentage of these 8 sites ranged from 52.8% to 93.0%. CpG1 

has the largest range of 66.28% while CpG3 has the smallest range of 32.55% (Table 

II). The estimated ages were ±6.7 years from the actual ages with a range of 0.14 years 

to 27.2 years different (data not shown). Forty-one of the 85 individuals had an 

estimated age of less than ±5.0 years different than the actual age. Sixty-five of the 85 

individuals had an estimated age of less than ±10.0 years different than the actual age. 

We sucessfully pyrosequenced 238 individuals with unknown ages. The 

demographic information for these individuals is shown in Table I and is similar to those 

with known ages. We used their DNA methylation percentage to estimate their ages. 

These individuals were found to have an average age of 47.0 years. 

Figure 1 shows the methylation correlation pattern of CpG6 (cg16867657) which 

had been previously reported, along with the r2 of the correlation (r2=0.7945). Figure 2 

shows the correlation pattern of the averaged DNA methylation of the 7 CpG sites (not 

including CpG3) in this region along with the correlation (r2=0.8328). The average DNA 

methylation resulted in a better correlation with age than any single CpG site in the 

region. 

Discussion 

DNA methylation at one CpG site upstream of the ELOVL2 gene has previously 

been shown to be positively correlated with age in caucasians (r=0.91) [Garagnani, et al. 

2012]. In this study we investigated this correlation in African Americans. We observed a 
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significant correlation with the same CpG site (cg16867657), however, the correlation is 

less (r=0.891 Table II, Figure 1) than previously reported. This study found that 

averaging 7 of the 8 CpG sites in this region increased correlation (r = 0.913) with age 

(Table II, Figure 2). We were then able to estimate the age of individuals for whom we 

had no recorded age. The average age of the 238 calculated ages was 47.0 years 

(Table I) compared to average age of 57.7 in individuals for whom we have age data in 

the cohort. 

DNA methylation in this region might be a potential forensic tool. However, 

additional research needs to be performed to determine the influence of gender, 

ethnicity, and diseases. Most previous studies have investigated this correlation in 

serum. In order to be used as a successful forensic tool, investigation in additional tissue 

types would also be necessary. 
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Table I. Demographics Characteristics 

 Known Age Unknown Age 
N 85 238 

Age ± St. Dev. 57.7±21.9 N/A 
BMI± St. Dev. 29.6±8.5 29.7±6.4 
Female (%) 52 (61.2) 142 (59.7) 

T2D (%) 24 (28.2) 86 (36.1) 
DMESKD (%) 15 (17.6) 102 (42.9) 
Estimated Age 57.7±20.0 47.0±15.6 

 

T2D – Type 2 Diabetes; DMESKD – Type 2 Diabetes End-Stage Kidney Disease; BMI – 

Body Mass Index
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Table II. DNA Methylation Results and Correlations 

 CpG1 CpG2 CpG3 CpG4 CpG5 CpG6 CpG7 CpG8 CpG Avg 
N 85 84 82 84 84 84 80 52 85 

Average ± 
St. Dev. 

68.0±15.5 52.8±11.9 93.03±10.2 71.3±12.3 36.5±10.3 67.9±12.9 72.7±10.7 42.4±11.7 60.3±12.2 

DNA 
Methylation 

Range 

27.31-
93.59 

20.86-
75.3 

67.45-100 
42.9-
96.95 

14.04-
58.27 

31.99-
93.21 

42.61-
87.74 

11.42-
68.37 

29.12-
78.68 

Correlation 0.890 0.883 0.807 0.832 0.893 0.891 0.873 0.864 0.913 
r2 0.792 0.780 0.651 0.770 0.797 0.795 0.763 0.747 0.833 

P-value 5.04x10-30 1.00x10-28 5.53x10-20 7.23x10-28 4.09x10-30 6.51x10-30 4.43x10-26 1.62x10-16 5.54x10-34 
 

Bold indicates previously reported CpG site, cg16867657; Correlation – Spearman’s correlation; CpG Avg – Average DNA 

methylation of all sites except CpG3
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Figure 1. Correlation of cg16867657 (CpG6) with Age 

 

X-axis – DNA Methylation (%); Y-axis – Age (years) 
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Figure 2. Correlation of Average DNA Methylation with Age 

 

X-axis – DNA Methylation (%); Y-axis – Age (years) 
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 National Conference of Undergraduate Research 2008, Salisbury, MD 

 

2007 American Society of Biochemistry and Molecular Biology, Washington D.C. 

 National Conference of Undergraduate Research 2007, San Rafael, CA  

Computer Programs 

Microsoft Office, PLINK, SOLAR, SNPGWA, Sequenom MASS ARRAY Assay Designer 

and Typer 3.4 and 4.0, Haploview, Exome Variant Server, 1000 Genomes Browser, 

UCSC Genome Browser, Locus Zoom, SAS v. 9.4, SAS Enterprise Guide v. 6.1 

Laboratory Skills 

ELISA, PCR, Gel Electrophoresis, SNP Genotyping, DNA Sequencing, Pyrosequencing, 

DNA and RNA extraction from blood and saliva, Yeast and Bacteria culturing, Taqman, 

Mouse handling, Immunohistochemistry Staining, Colony PCR, Human Cell Culture 

Professional Affiliations 

Student/Trainee Member- American Society for Human Genetics: 2008 - 2015 

Undergraduate Student Member – American Society for Biochemistry and Molecular 

Biology: 2007-2008 

 

Professional Services 

Invited Manuscript Review 

 Cardiovascular Diabetology (2014 – 1) 

 

Extra-curricular activities: 

Graduate School Association repersentative for the Molecular Genetics and Genomics 

Program: June 2012 – May 2013 

Wake Forest University Graduate School of Arts and Sciences Honor Code Panel 

Student Representative: August 2013 – August 2014 

 

Volunteer Experience: 

Lake Jackson Volunteer Fire Department (Prince William County, VA) 

Firefighter – July 2008 – July 2010 

Lead Firefighter August 2009 – July 2010 
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